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Abstract 

A set of modular algorithms for efficiently finding SIFT correspondences in images or image 

archives is presented. The basic algorithm, called SIFT-HHM, exploits properties of the SIFT 

descriptor vector to find shortcuts to the most likely matches in two feature sets. SIFT-HHM converges 

approximately 15 times faster than a linear search, and, respectively, four and five times faster than 

PCA-SIFT and SURF at near-equivalent precision-recall performance. 

A PCA-based binning algorithm that can be combined with SIFT-HHM is presented to address the 

content-based image retrieval problem. Our experiments show this combined approach to be preferable 

over current tree-based methods for a number of reasons. Most significantly, it will converge 

approximately three times faster than the current state of the art. Secondly, database build times are less 

than 10% of those for constructing a k-means tree. Finally, we note simplicity of storage, scalability, 

and suitability to distributed processing as incidental benefits. 
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Chapter 1 

Introduction 

Fundamental to most machine vision and image registration applications is the robust detection and 

distinct representation of salient image features. In recent years, local approaches, which do not require 

any image segmentation and are robust to occlusion, have gained prominence. Typically, such features 

consist of two parts: a location and a descriptor. The location precisely identifies the 2D or 3D coordin

ates at which the feature resides; the descriptor gives the feature a unique signature which can be used 

to find a match for it in another image or feature set. The challenge with feature extraction is thus two

fold: first, to establish a method for finding image regions that is stable enough to be consistent across a 

broad range of image transformations; second, to describe these regions in a distinct enough fashion 

such that they may be reliably recognized. 

The SIFT algorithm (for Scale-Invariant Feature Transform) has been used for content-based image 

retrieval [25, 27, 28, 33, 38, 39], video event classification [8, 31, 37], object recognition [1, 12, 36, 

41], object tracking [29, 30], image classification [9, 26, 34, 35], markerless motion capture [42], build

ing panoramas [40, 44], mobile surveillance [43, 45], and face authentication [32], among other applic

ations. It stands out among local feature descriptors for its invariance to scale, rotation and linear illu

mination, and its partial invariance to 3D viewpoint change [5]. The widespread use of SIFT may be at

tributed to both its success at localizing invariant interest points in position and scale, using the differ -

ence-of-Gaussians detector, and the distinctiveness of its 128-element keypoint descriptor, which is de

rived from a 16 x 16 pixel gradient patch centered on the image feature location. 

Despite its robustness, SIFT use is somewhat limited in online and real-time application spaces be

cause the features take a relatively long time to compute (around 1 second for a typical image with 

1,000 SIFT features1), and finding correspondences for the 128-dimensional SIFT vectors is computa

tionally expensive given that matches are determined from the Euclidean distance metric. 

Our methods aim to improve SIFT matching times in two specific application areas. The first area 

concerns real-time applications such as object tracking and video event detection. For these applica

tions, we propose a matching technique called SIFT-HHM (for Handed-Hierarchical Matching) that ex-

1 This result is achieved using the standard SIFT source code from http://www.cs.ubc.ca/~lowe/keypoints/. re-compiled 
and run on a dual-core laptop computer using Windows Vista with 4GB of RAM. 

http://www.cs.ubc.ca/~lowe/keypoints/


ploits certain repeatable properties of the SIFT descriptor vector to find shortcuts to the most likely 

matches in a feature set. Secondly, we consider the content-based image retrieval scenario, which re

quires that feature matches be quickly found from a very large image archive. We propose in these 

cases to sort a SIFT keypoint archive into bins using the principal components of the SIFT descriptor 

vector as the binning criteria, and SIFT-HHM to find the matches to a query point once the closest bins 

have been retrieved. 

1.1 Motivation 

With the vast multitude of websites that use streaming video content, there is need for intelligent 

video processing that can be done in real time. At their lowest level, all such applications require a 

method for extracting information from image pixel data, and comparing this data for successive 

frames. SIFT is, for the most part, considered too slow to compute and to compare for these application 

spaces. Our SIFT-HHM technique allows an application to make use of the robustness of SIFT while 

matching the features in less than 7% of the time it takes for a linear search. 

In recent years, the trend that has seen Internet users upload their personal digital photographs to 

online albums - rather than store them on a hard drive - has exploded. At the same time, Internet 

search engines are looking to improve the intelligence of their image-search capabilities by 

incorporating image content into the search. For these applications, it is not as necessary that image 

features be extracted quickly, as this can be done offline or upon upload. The challenge is, then, to 

match the content of a "query" image (or query feature set) to a very large image archive containing 

millions of image features, and to return the results within a reasonable amount of time (less than a 

second, or a few seconds, depending on the size of the archive and the precision and recall required of 

the search). Our PCA-based binning algorithm is able to find correspondences for all SIFT features in a 

typical image from a database with about 2 million features in approximately 0.13 seconds2, which is 

about three times faster than the current state of the art. 

1.2 Problem Statement and Scope 

The intent of this thesis is to improve SIFT matching times for a wide range of applications without 

compromising matching performance as measured by recall and precision. As our approach is general, 

we do not concern ourselves with specific video processing or image-search applications; the 

2 Again, this result is achieved using a dual-core laptop computer running Windows Vista that has 4GB of RAM. 
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parameters of our algorithms, however, may be tuned to suit individual uses. 

1.3 Contributions 

The main contributions of this thesis are: 

• A set of repeatable properties of the SIFT descriptor vector, discovered after performing an 

analysis on a large (5000+) image archive. 

• A modular technique, called SIFT-HHM, for finding SIFT correspondences in consecutive 

image frames in less than 7% of the time of a linear search. A conference paper describing 

SIFT-HHM has been accepted to the 2009 IEEE Workshop on Applications of Computer 

Vision [47]. 

• A method for filtering out less-distinct features (and thus, reducing the likelihood of 

mismatches) by examining the contributions of four of the 128 SIFT descriptor elements (IPR 

filtering). 

• A PCA-based binning algorithm that also uses SIFT-HHM at the lowest level and finds SIFT 

correspondences in large databases, at about a three-fold speed improvement over the existing 

state of the art for SIFT matching, without compromising recall and precision. The binning 

approach is generic, and is likely to produce similar results using other feature descriptors (i.e. 

SURF), provided that they exhibit similar statistical properties to SIFT. 

1.4 Thesis Overview 

This thesis is divided into seven chapters. In Chapter 2, we provide a thorough background on SIFT, 

principal component analysis (PCA), and the current state of the art for local feature 

detection/description and approximate nearest-neighbour search in high-dimensional spaces. Chapter 3 

discusses the salient aspects of the SIFT descriptor vector that are used to construct our SIFT-HHM 

scheme. In Chapter 4, we present our experimental framework and introduce the error vector, which is 

used to quantify the expected distortion of feature vectors due to image transformations. The SIFT-

HHM algorithm is described in Chapter 5, and the PCA-based binning technique for matching to large 

databases is covered in Chapter 6. In Chapter 7, we present our conclusions and suggest directions for 

future work on this topic. 

3 



Chapter 2 

SIFT and Related Work 

In this chapter we first provide a thorough overview of the scale-invariant feature transform [1]: its 

method for finding scale-invariant interest points (Chapters 2.1.1 and 2.1.2), the construction of the 

keypoint descriptor vector from local gradient orientation histograms (Chapters 2.1.3 and 2.1.4), and 

the method by which SIFT vectors are compared against one another to find correspondence between 

images (Section 2.1.5). We then describe principal component analysis (PCA), a statistical technique 

for reducing the dimensionality of a vector space. PCA has been used effectively to construct local 

descriptors [2, 5], and forms the basis of our binning strategy for large keypoint databases (Chapter 6). 

Finally, we discuss previously published work in two main areas with which our efforts have the most 

in common. The first such area concerns newer, SIFT-derived (or SIFT-inspired) local descriptors that 

claim to approach or exceed the matching performance of SIFT while at the same time being faster to 

compute and to match. While we do not create a new descriptor, but rather improve the matching step 

for SIFT, we demonstrate in Chapter 5 that our algorithm will find correspondences faster than the 

fastest state-of-the-art local descriptors. The second area of related work deals with finding nearest 

neighbours (or approximate nearest-neighbours) in high-dimensional spaces, such as the 128-element 

SIFT vector. As a general problem, there is a great deal of literature on the subject; most methods 

involve constructing a hierarchical data structure like a kd-tree. We focus mainly on the methods 

applied specifically to SIFT. The results from the trials using our PCA-based binning algorithm 

(Chapter 6) show that our method is faster at comparable levels of accuracy than the best previously 

published method for matching SIFT keys large databases [3]. 

2.1 SIFT Algorithm 

SIFT is implemented as a four-stage cascade-filtering algorithm: the first two stages deal with the 

localization of scale-invariant interest points; the last two stages construct a rotation-invariant 

descriptor from local image gradients. The keypoint-matching algorithm uses the Euclidean distance 

between SIFT descriptor vectors to find a match. While it is important to note that many parameters of 

SIFT can be customized (such as the gradient magnitude threshold for creating separate features for the 



same location, the size of the gradient patch from which the descriptor is generated, or the size of the 

descriptor vector itself) to suit different applications, we focus here on the standard SIFT 

implementation as described in [1], and the corresponding source code3, which is by far the most 

popular version. 

2.1.1 Scale-Space Extrema Detection 

The goal of keypoint detection is to identify locations and scales that can be repeatably found in 

different views of the same object or scene. For scale-invariant points, it is important to search not only 

every possible location in the image, but also across all possible scales, using a continuous function 

known as scale space [14]. Lindeberg [15] showed that scale space must be created by a Gaussian 

function. SIFT scale space, then, is created by repeatedly convolving an input image with a Gaussian 

kernel of increasing 5. After every octave, or doubling of 5, the image is downsampled by a factor of 

two and the blurring iterations are re-started. This process is illustrated on the left side of Figure 2.1. 

Gaussian blur Difference-of-Gaussian images 

Figure 2.1: At left, creation of scale-space representation in multiple octaves; at right, 
subtraction between adjacent scales creates difference-of-Gaussian images from which 

extrema are detected. 

Once the scale space has been constructed, adjacent scale representations are subtracted (as shown 

on the right side of Figure 2.1), effectively implementing the difference-of-Gaussians (DoG) function 

3 Available at http://www.cs.ubc.ca/~lowe/keypoints/. retrieved March 2008. 
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that approximates the Laplacian-of-Gaussian used to find interest points in blob detection algorithms 

[15]. 

Scale space is then searched for local minima and maxima, which serve as initial feature point 

locations. To qualify as a possible feature point, a given DoG pixel needs to be either greater than or 

less than all pixels in its immediate neighbourhood as well as all pixels in corresponding 

neighbourhoods in adjacent DoG images (as shown in Figure 2.2). 

scale 
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Figure 2.2: Target pixels (shown with an X) in difference-of-Gaussians images are compared with 
every neighbour at the current and adjacent scales to find minima and maxima. 

2.1.2 Keypoint Localization 

The second stage of SIFT refines the results obtained from finding the scale-space minima and 

maxima. Keypoints, defined by 3-dimensional coordinates (x, y, 8) representing their physical pixel 

location and the scale at which they were found, are fitted to a 3D quadratic function to determine the 

interpolated sub-pixel location of the extreme point. This provides a substantial improvement in 

stability and matching, according to [1]. The value of the quadratic at the extremum is also useful for 

rejecting unstable points with low contrast. 

Finally, it is necessary to remove keypoints located along edges, as these points have poorly-defined 

peaks - and thus are hard to localize - in the difference-of-Gaussians function. A ratio of principal 

curvatures, computed from the Hessian matrix in a method borrowed from Harris and Stephens [16], is 

used to threshold the points located along edges. In Chapter 3, we show how this filtering operation 

effectively creates the "handedness" characteristic distribution that allows us to split keypoint databases 
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into left-handed and right-handed bins. 

2.1.3 Orientation Assignment 

After a keypoint has been accurately located in pixel (x-y coordinates) and scale space, it is assigned 

an orientation based on the most dominant direction of the gradients in the local image patch. An 

orientation histogram is formed from the gradient orientations of sample points within a circular region 

around the keypoint centre at the closest scale (using the discrete scale-space images from the first 

stage in the algorithm). The histogram consists of 36 bins, representing the 360° range of angles in 10° 

increments. Each sample is weighted both by its gradient magnitude and its distance to the keypoint 

centre, expressed as a circular Gaussian window centred on the keypoint with 8 equal to 1.5 times the 

keypoint's scale. The largest bin in the histogram is chosen as the keypoint orientation; however, if 

other bins come within 80% of this peak value, separate keypoints are created using these next-most 

dominant orientations at the same location in pixel and scale space. Finally, a parabola is used to fit to 

the histogram values surrounding the peak to interpolate the orientation with better accuracy. 

Since the keypoint's descriptor vector is constructed from local gradients that are defined with 

respect to the keypoint orientation, the orientation assignment step serves to anchor the keypoint, 

providing stability against image rotation. 

2.1.4 Descriptor Construction 

The fourth, and final, stage of SIFT uses the precise location (in x-y and scale space) and orientation 

of the keypoint to construct its unique signature vector. The gradient samples from a 16 x 16-pixel 

rectangular area centred on each keypoint at the closest scale are rotated with respect to the keypoint 

orientation, to achieve rotation invariance. Furthermore, gradient magnitudes are weighted using a 

Gaussian window centred on the keypoint with 8 equal to half the width of the rectangular area, to give 

greater emphasis to those gradients that are located closer to the keypoint centre. 

The local gradient patch is then divided into 4 x 4 sub-regions, consisting of 16 pixels each, and 

each sub-region is subsequently characterized by the gradient contributions to an 8-bin orientation 

histogram, as shown in Figure 2.3. To avoid boundary effects, weighted gradients are also distributed 

into adjacent sub-region bins through linear interpolation. 

The concatenation of the 16 orientation histograms creates SIFT's 128-element (16 sub-regions x 8 

orientation bins) descriptor vector. 
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Figure 2.3: The SIFT keypoint descriptor is created from 16 4x4 pixel gradient sub-regions around 
the keypoint's center. Each gradient in the sub-region is assigned to an orientation histogram bin, at 

right (the keypoint's orientation is shown by the bold arrow leaving the center). 

Following this, two important post-processing techniques are carried out to address specific 

robustness issues: first, the entire descriptor is normalized to unit length, which has the effect of 

rendering it invariant to linear illumination (uniform contrast) changes; second, any descriptor elements 

constituting more than 20% of the total descriptor length are cut off at the threshold and the descriptor 

is re-normalized. The latter helps to reduce the importance of large gradient magnitudes resulting from 

nonlinear illumination changes on the keypoint's matching performance. Finally, the descriptor is 

multiplied by 512 to put its elements within a byte (0-255) range. 

2.1.5 SIFT Matching 

Matching SIFT keypoints between images or databases involves computing the Euclidean distance 

between descriptors for every keypoint and every potential match. The algorithm uses a nearest-

neighbor distance ratio metric that declares a match only if the closest keypoint distance is less than 

0.6 times the next-closest keypoint distance. This scheme effectively identifies correct matches while 

minimizing false positives [5]. 

To find a match for a single keypoint, this algorithm must compute 128 multiplications, additions 

and subtractions for every potential match in the database. This can become prohibitively time 

consuming for larger keypoint repositories. To address this, many fast approximate nearest-neighbour 

algorithms have been proposed, such as Best-Bin First proposed by Lowe in [1], that significantly 

speed up matching times. These algorithms will be discussed more fully in Section 2.4. 
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2.2 Principal Component Analysis 

Principal component analysis [17] is a standard dimensionality-reduction technique that has been 

applied to a number of varied computer vision problems, including object detection [19] and tracking 

[18], and background modeling [20]. Although it has a number of documented limitations [21], such as 

the assumption of linearity (that vectors can be properly expressed as linear combinations of a certain 

basis) and a Gaussian distribution among vector elements, it is still popular on account of its simplicity. 

It has also been used successfully to create SIFT-based local feature descriptors PCA-SIFT [2] and the 

Gradient Location and Orientation Histogram (GLOH) [5]. In Chapter 6, we present a novel method for 

finding SIFT vector nearest-neighbour correspondences in large keypoint databases. Our method 

consists of creating a series of bins, and the SIFT principal component vector is used as the binning 

criteria. Here, we give an overview of the technique and its implementation via the covariance method. 

The goal of PCA is to reduce the dimensionality of a feature space into a linearly orthogonal set of 

basis vectors. The basis vectors are ordered in terms of their contribution to the variance of the data set: 

the first vector (the principal component) represents the axis along which the data shows the greatest 

variance, the second vector represents the second-most varying axis, and so on. The ordered basis 

vectors are then used to project the original data into the new orthogonal coordinate system. Given that 

high-dimensional spaces create problems for many computer vision applications (nearest-neighbour 

search being but one example), there is great motivation for reducing the size of feature vectors. 

Expressed mathematically, PCA projection transforms a data set X of dimension Minto a data set Y 

of dimension L, where L< M, using the Karhunen-Loeve transform: 

Y=KLT{X] (2.1) 

The KLT transformation matrix can be created by finding the L most important eigenvectors of X, as 

follows. First, the mean and standard deviation of each element in X are found and used to create the 

Mx Mcovariance matrix C, according to the derivation: 

C^covUt.Xj^EUX-riiXj-vtJU.jeihM) (2.2) 

where pit = E [XJ and #,- = E [XJ are the means of vector indices Xt and Xh respectively. Next, the 

covariance matrix is diagonalized - thus removing the linear dependence among the matrix elements -

by the eigenvector matrix V: 
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V^CK=D (2.3) 

where D is the diagonal matrix containing the eigenvalues of C. The matrix V is then ordered by 

decreasing eigenvalue (according to the rows of D), and matrix W is created from the first L rows of V. 

jF contains the linear projections for the L basis vectors that show the most variation in the data set X. 

Before computing the projection, however, the data set must be shifted (to have zero mean) and 

normalized by standard deviation, as follows: 

Z= — (2.4) 

Finally, the KLT transform can be computed using the adjusted data set Z and the projection matrix 

W: 

Y = W-Z = KLT{X] (2.5) 

2.3 SIFT-Related Local Detectors and Descriptors 

The popularity of SIFT has inspired many refinements on its basic detection and description scheme. 

The SIFT-related algorithms attempt to improve detection repeatability, distinctiveness, computation 

and matching times, or some combination thereof. Here we provide a summary of these techniques. 

Ke and Sukthankar [2] focused on improving the description step while retaining the first three 

stages of SIFT. Their method, termed PCA-SIFT, samples from a much larger gradient patch and uses 

principal component analysis to reduce the descriptor to a 36-element vector. Their results show an 

improvement in recall-precision over standard SIFT on a small number of artificial image 

transformation trials. However, a second comparative study by Mikolajczyk [5] showed PCA-SIFT to 

be less distinctive than SIFT. Furthermore, while the lower-dimensional vector improves matching 

speed approximately by a factor of three, additional computation is required to project the vectors into 

orthogonal PCA-SIFT space. 

Also in [5], Mikolajczyk proposed a similar descriptor called GLOH that added granularity to the 

orientation histogram bins and again used PCA for data compression. The GLOH descriptor proved to 

be more distinctive than PCA-SIFT with the same number of dimensions, but the more complicated 
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processing, combined with the use of PCA, meant that it also took longer to compute than the standard 

SIFT descriptor. 

Grabner et al. [7], claim to achieve an 8-fold speedup in computation time over the standard SIFT 

binaries. Their detector uses integral images and a mean-filtering approach for the localization step, and 

integral histograms [11] to compute the descriptor from gradient orientation bins. Scale-space is thus 

approximated by mean - as opposed to Gaussian - blurring, and the feature point locations are found 

using the difference-of-means operator. SIFT's localization post-processing techniques (Section 2.1.2) 

are also omitted to save computation time. While the descriptor achieves comparable results to SIFT on 

a small image dataset, it is noticeably less rotation-invariant. Also, because the dimensionality of the 

descriptor is unchanged, keypoint matching times remain a bottleneck. 

Speeded-Up Robust Features (SURF) by Bay et al. [4] also uses integral images for the keypoint 

localization and description stages. Scale-space maxima are found using the determinant of an 

approximated Hessian matrix constructed from box filters representing Gaussian second-order partial 

derivatives. The descriptor's 64 constituent elements are made from the sums of the horizontal and 

vertical Haar wavelet responses from the image patch around the keypoint. To find keypoint 

correspondences, sign of the trace of the Hessian matrix is used to split the databases in half, and the 

same-sign keypoints are compared using the Euclidean distance metric on the descriptor vector, 

effectively doubling the convergence speed. While clearly faster, independent analyses on both indoor 

[12] and outdoor [13] vision applications show poorer matching performance when compared to SIFT. 

Finally, Mikolajczyk and Matas [10] showed that using the Mahalanobis distance, rather than the 

Euclidean distance, for local descriptor nearest-neighbour matching resulted in improved recall-

precision performance and matching speed in tree data structures. Their descriptor, termed M-SIFT (for 

Mahalanobis-SIFT), transforms original SIFT descriptors into an orthogonal, truncated vector space. 

Euclidean distance calculations in the transformed vector space correspond to the Mahalanobis distance 

in the original SIFT vector space. As with PCA-SIFT, however, the projection step makes M-SIFT 

slower to compute than standard SIFT. 

In summary, the SIFT-based local interest point detector and descriptor schemes typically represent 

a compromise between improved detection repeatability and distinctiveness at the expense of 

computation speed, or vice-versa. So far, none have emerged as universally superior to SIFT for a wide 

range of applications. 
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2.4 Nearest-Neighbour Search Algorithms for High-Dimensional Spaces 

Many SIFT applications, such as content-based image retrieval [25, 26, 27], require finding 

correspondences against images from a very large archive. In such cases, the time required to compute 

SIFT vectors from the test image is not nearly as significant as the time required to find the 

correspondences in the database. For these applications, a number of tree-based methods for nearest-

neighbour binary search have been proposed. 

The most widely used method for a nearest-neighbour search involves building a kd-tree [22]. The 

kd-tree (for ^-dimensional tree) is a binary space-partitioning scheme that splits a database first along 

the dimension that shows the greatest variance, then, recursively, along the dimension with the second-

most variance, and so on until the data has been split along every axis. If further branching is required, 

the splitting starts again along the most variant axis. It is well-known that the kd-tree works well for 

exact nearest-neighbour searches in low-dimensional data, but quickly becomes less effective as the 

number of dimensions is pushed beyond 10. For the 128-dimensional SIFT vector space, exact nearest-

neighbour matching using the kd-tree is clearly impractical. 

For a number of applications, however, it may not be necessary to return an exact nearest-neighbour 

match; an approximate match will suffice. To this end, Beis and Lowe [1,6] use a priority queue to 

speed up the kd-tree search by visiting nodes in order of their distance from the query point. Their 

algorithm, called Best-Bin First (BBF), controls the degree of approximation by placing a limit on the 

number of nodes examined before returning the best match found. Approximate nearest-neighbour 

queries against a 100,000 SIFT keypoint database using BBF were reported to achieve a 95% precision 

rate while reaching a speedup factor of two orders of magnitude over a linear search [1]. 

Silpa-Anan and Hartley [23] have recently proposed a parallel implementation using multiple 

randomized kd-trees. Rather than being split along the axes in descending order of variance, as in the 

classical kd-tree, a random axis is chosen from the D dimensions that show the greatest variance. As in 

the BBF algorithm, a single priority queue is maintained across all trees, and the search is terminated 

when a pre-defined maximum number of nodes have been visited. 

Additionally, Muja and Lowe [3] implement a variant of the k-means tree search analogous to the 

BBF approximation of the kd-tree. The classical k-means tree [24] is constructed by clustering data 

points with the k-means algorithm into k distinct groups, then recursively doing the same for each of 

the groups. The recursion is stopped when the number of points in a region is smaller than k. In [3], the 
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authors propose first performing a single traversal through the tree while maintaining a priority queue 

of all the unexplored branches in each node along the path. The algorithm then searches the unexplored 

branches in order of their distance from the query point (as measured by the mean value of the 

clustered data points at the branch). A limit is set on the total number of nodes to search before 

returning a match. 

The Fast Library for Approximate Nearest-Neighbours (FLANN) [3], a library of approximate 

nearest-neighbour search algorithms, is publicly-available software that will automatically choose the 

optimal algorithm for a given dataset and desired precision. Experiments on large SIFT keypoint 

databases reveal that the best speedup factors can be achieved by using either randomized kd-trees or 

the hierarchical k-means tree. The query trials indicate that, on a database of 31 million SIFT keys, a 

speedup factor of better than three orders of magnitude over a linear search is possible while finding 

90% of the closest matches. On smaller datasets (for example, 100,000 keypoints), however, such a 

speedup is only possible with a much lower precision rate (60% or less). In Chapter 6, we demonstrate 

that our PCA-based binning algorithm clearly outperforms the tree-based algorithms chosen by 

FLANN, achieving about an approximate three-fold speedup in matching time at equivalent recall and 

precision levels for databases of 100,000, 1 million and 2 million SIFT vectors. 
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Chapter 3 

Keypoint Descriptor Properties 

As all SIFT keypoints are subject to the same localization technique - as defined by the first three 

stages of the algorithm reviewed in Chapter 2 - we might expect that the resulting 128-byte descriptor 

vector, built from the local image patch, has some distinct and repeatable properties. In this chapter, we 

identify some of these salient characteristics using the support of a very large keypoint database. In 

particular, all data discussed in this chapter was extracted from a database of nearly 8.5 million 

keypoints pulled from over 5,000 images (image set A, denoted SA) contained on a compact disc from 

Corel. SA contains a diversity of complexity, size and content, as summarized in Table 3.1. In Section 

3.2, we show that there is a great deal of variance among the 128 SIFT descriptor indices in terms of 

their means and standard deviations. This leads us to suggest a hierarchical grouping into primary, 

secondary, tertiary and remainder indices in Section 3.3. In Section 3.4, we introduce the handedness 

score, a metric created to capture the correlation of four of the eight primary elements (the inner 

primaries, using the notation of Section 3.1), and we further demonstrate that, by filtering out keypoints 

that do not pass a ratio (the inner primary ratio) test, we are able to create an approximately bimodal 

distribution suitable for splitting a database in half. Finally, Section 3.5 we provide a cross-verification 

for all metrics using a second large image archive. This chapter sets the foundation for Chapter 5, 

where we explain how the keypoint descriptor properties revealed here can be exploited to greatly 

improve SIFT keypoint matching speeds. 

Image Set Total Images Total SIFT Keys Content (key words) 

A 5.2 x 103 8.468 x 106 Outdoor nature scenes, animals, architecture, 
Asia, hot air balloons, candy, car details, 

castles, clouds, Dublin, fireworks, glaciers, 
Ecuador, Florence, foliage, Greece, Hawaii, 
horses, Japan, kids, landmarks, landscapes, 
London, marble, New York, northern lights, 

Panama City, Paris, people, Rio, Rome, sand, 
sea, San Francisco, scenic sunsets, sharks, 

space, stained glass, statues, Stockholm, teddy 
bears, tropical fish, underwater, Venezuela, 

Venice, Vermont, Washington, wild animals. 

Table 3.1: Content summary for image set SA. 



3.1 Descriptor Notation and Geography 

Given that this chapter is an exploration of the useful properties of the SIFT keypoint descriptor, we 

first establish a simple notation for referring to the vector itself and its 128 constituent indices4. We use 

v to refer to the SIFT descriptor vector, then, and v, to identify its /* component scalar, as shown in 

Equation 3.1. 

v = {vo, v/, \2, .... Vi25, vm,vm} (3.1) 

It is also useful, in the discussion that follows, to define a few terms that refer to the geography of 

the descriptor, so as to identify regions and descriptor elements with respect to their physical location in 

the local image patch. We thus define the following terms: 

Inner area: Those image patch gradient sub-regions (and corresponding descriptor elements) that 

are closest to the keypoint centre. There are four inner regions and 32 inner descriptor elements. The 

inner area is highlighted in the shaded area of Figure 3.1. 

Outer area: Those image patch gradient sub-regions (and corresponding descriptor elements) that 

are furthest from the keypoint centre. There are 12 outer regions and 96 outer descriptor elements. The 

outer area is left white in Figure 3.1. 

Medial line: The line that divides the local image patch in half vertically. It is coincident with the 

keypoint orientation, as indicated in Figure 3.1. 

4 Technically, a SIFT descriptor can contain more - or less - than 128 elements, but for the purposes of this thesis, we 
concern ourselves only with the most commonly-used, standard 128-byte vector. 
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Figure 3.1: Inner and outer elements of the SIFT keypoint image patch. The medial line splits the 
image patch in half horizontally. 

3.2 Mean and Standard Deviation of Descriptor Indices 

Using SA, we computed the mean and standard deviation of each index in the SIFT descriptor vector, 

and the results are shown in Figure 3.2. The standard deviation metric is important because, for any 

nearest-neighbour matching algorithm based on the Euclidean distance between keypoint descriptors, 

those elements that vary most will carry disproportionately more weight. 

8 
CD 
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SIFT Descriptor Index 

Figure 3.2: Mean (top) and standard deviation (bottom) of SIFT descriptor indices, taken from nearly 
8.5 million keypoint samples. 
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Index 

99 
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26 

98 

6 

5 

23.69 

23.66 

22.85 

22.85 

22.69 

22.65 

22.64 

22.6 

Table 3.2: A ranking of SIFT descriptor indices in order of descending standard deviation (5). 

What is striking about these graphs is the eight very large, symmetric peaks in mean values at 

certain descriptor indices. The vertical dotted line through the graphs shows that the mean-value peaks 

also correspond to the indices with the greatest standard deviations. The eight highest standard 

deviation values are also highlighted in bold at the top of Table 3.2. Note that the greatest 5 (for index 

V/<M) is more than twice that for the lowest value (index v6). To understand these results, recall that a 

SIFT keypoint descriptor is made up of 16 8-bin orientation histograms, as described in Section 2. 

Figure 3.3 highlights the 4 x 4 gradient pixel sub-regions and orientation bins corresponding to the 

descriptor indices with the greatest standard deviations. Evidently, all eight of the elements at the top of 

Table 3.2 correspond to sub-region gradients aligned to the dominant keypoint orientation. This means 

that the elements that are in line with the keypoint's orientation contribute more to the distinctiveness of 

a descriptor vector than the others. 

+ 

f 

+• 
V 1 6 

4-

.72 

104 

^ 

112 

Figure 3.3: The eight greatest standard deviation peaks from the graphs in Figure 3.2 all correspond to 
indices aligned with the keypoint's orientation, as demonstrated by the bold arrow leaving the center. 
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What is perhaps surprising about the eight more important elements is that while the means for the 

elements that are located closer to the centre of the keypoint (vM, v48, v12 and vso) are significantly 

greater than those on the periphery (v«, v,6, vm and vm), their standard deviations are slightly smaller. 

The difference in the mean values is likely a result of the Gaussian weighting function that is applied to 

the gradient patch around the keypoint to give emphasis to those gradients closer to the center. The 

inner element values are also more likely to be affected by the post-processing technique of limiting all 

descriptor index values to 20% of the total vector length, which reduces both the mean and standard 

deviation of these indices. 

It is not altogether unexpected that, for a keypoint that is by definition aligned to the most dominant 

local gradient direction, the most salient descriptor indices, themselves chosen from that same gradient 

patch, are those whose orientations align with this direction. What is clear, however, is that there is 

certainly a hierarchy of importance within the SIFT descriptor vector. A corollary to this is that to treat 

all descriptor indices equally when matching keypoints is sub-optimal. 

3.3 Hierarchical Descriptor Index Groupings by Standard Deviation 

We now attempt to divide the descriptor vector into hierarchical groupings based on the standard 

deviation ranking of Table 3.3. In Chapter 5, we use these groupings to perform Euclidean-distance 

calculations hierarchically, filtering out a large majority of potential matches while only examining a 

small subset of the vector. The delineation of the groupings is somewhat arbitrary, but corresponds 

approximately to clusters of indices with progressively smaller standard deviations. We refer to the 

groupings as the primary, secondary and tertiary elements, which are defined in Table 3.4. For 

completeness, the table also includes the 68 descriptor elements that do not form a part of any of these 

groups, which we call the remainder indices. 
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Grouping # Elements Constituent Descriptor Index Std. Deviation Range 
Values 

Primary 8 8, 16,40,48,72,80, 104, 112 53.84-48.63 
Secondary 12 9,23, 36,44,52,60,68,76,84, 42.71-38.23 

92, 111,113 

Tertiary 40 0, 4, 15, 17, 24, 28, 32, 34, 35, 37.11-32.52 
41, 42, 43, 47, 49, 53, 54, 55, 56, 
61, 62, 64, 69, 70, 73, 77, 78, 79, 
81, 82, 83, 87, 88, 90, 91, 96, 
100, 105, 119, 120, 124 

Remainder 68 1, 2, 3, 5, 6, 7, 10, 11, 12, 13, 14, 32.5-22.6 
18, 19,20,21,22,25,26,27,29, 
30,31,33,37,38,39,45,46,50, 
51,57,58,59,63,65,66,67,71, 
74, 75, 85, 86, 89, 93, 94, 95, 97, 
98, 99, 101, 102, 103, 106, 107, 
108, 109, 110, 114, 115, 116, 
117, 118, 121, 122, 123, 125, 
126, 127 

Table 3.3: Primary, secondary, tertiary and "remainder" descriptor index groupings. 

The primary elements are simply the set of eight indices highlighted in Section 3.2 and illustrated in 

Figure 3.3; they correspond to local image patch gradients aligned to the keypoint orientation, 

straddling the medial line of the patch. They have (by a clear margin) the greatest standard deviation 

values in the descriptor vector. The secondary elements are a symmetrical grouping of the 12 indices 

whose standard deviations are the next-highest, after the primary elements. Their locations within the 

local image patch are shown in Figure 3.4(a). While none of them are aligned with the keypoint 

orientation, four of them (elements v9, v2j, vm and vni) are adjacent to it and eight (elements v36, v44, vS2, 

V6o, v6S, v76, v84, and V92) oppose it. After the secondary elements, the standard deviation values drop off 

more slowly and thus more indices are contained within a smaller 8 range. Choosing a third grouping, 

then, is a great deal more arbitrary. However, given that there exists a significant disparity in 5 values 

between the bottom of the secondary grouping (38.23) and the 128th-ranked element (22.6), we 

hypothesize that a third hierarchy level could prove useful in reducing the computational demand of 

Euclidean-distance calculations. Our tertiary grouping of 40 elements is illustrated in Figure 3.4(b). 

Together, the primary, secondary and tertiary elements comprise nearly half (60 elements in total) the 

SIFT descriptor vector. The matching trials of Chapter 5 demonstrate that most potential keypoint 

matches can be ruled out after having examined only one, two or all three of the tiers shown in Table 
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3.4. This results in a speedup factor of at least an order of magnitude over an exhaustive search for all 

trials. 
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Figure 3.4: Secondary (a) and tertiary (b) descriptor elements. 

3.4 Handedness and the Inner Primary Ratio 

Although the results from Figure 3.2 might have been expected given the nature of SIFT keypoint 

localization, another, significantly less obvious, characteristic of the descriptor becomes apparent when 

considering the linear relationships between the primary elements. To measure the correlation between 

two elements X and Y, we use Pearson's product-moment coefficient, P(x,v) , defined as follows: 

Jcov(X,Y))jE{{X-nx)(Y-»Y))) 
P(XJ) (crxaY) (axaY) 

(3.2) 

where cov(X, Y) represents the covariance of elements X and Y, and where /J x, °~x, VY and o"y 

represent their means and standard deviations, respectively. The Pearson coefficient ranges from -1.0 

(complete inverse linear dependence) to 1.0 (complete positive linear dependence). A result of 0 

indicates that the elements are linearly independent. 

A correlation matrix for the eight primary elements, using the nearly 8.5 million keys in SA, is 

displayed as Table 3.4. Note that the correlation matrix is equivalent to the covariance matrix 

normalized to the standard deviation of the row and column elements. 
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V« Vl6 V40 V48 V?2 V80 V,04 V,,2 

vs 1.000 0.395 0.677 0.177 0.481 0.055 0.425 0.150 

v,6 0.395 1.000 0.206 0.677 0.080 0.492 0.165 0.437 

v40 0.677 0.206 1.000-0.123 0.786-0.186 0.480 0.071 

V48 J 0.177 0.677 -0.123 1.000-0.180 0.802 0.065 0.491 

v72 0.481 0.080 0.786 -0.180 1.000:-0.123 0.676 0.205 

v80 0.055 0.492 -0.186 0.802 -0.123 1.000 0.181 0.676 

V104 0.425 0.165 0.480 0.065 0.676 0.181 1.000 0.396 

vm 0.150 0.437 0.071 0.491 0.205 0.676 0.396 1.000 

Table 3.4: Correlation matrix for primary elements, with pairings that cross the medial line highlighted 
in grey, and the elements closest to the keypoint patch centre indicated with a bold border. 

Medial line 

Figure 3.5: Primary elements from Section 4.2 shown for reference, with medial line indicated. 

The primary element locations from Figure 3.3 have been reproduced here as Figure 3.5 with the 

medial line indicated, for easy reference. Since all of the primary elements represent gradients aligned 

to the same direction (the assigned keypoint orientation), it is unsurprising that there is, generally, 

positive correlation between them. An interesting pattern appears, however, when we highlight in grey 

those element pairs whose sub-regions lie on opposite sides of the medial line of the image patch. It 

appears that these particular groupings are the least-correlated of the primary elements. To illustrate this 

further, Table 3.5 separates Table 3.4 into three smaller tables, identifying the correlation between those 
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elements that lie to the left (a) and right (b) of the medial line, respectively. We refer to these groupings 

as the LHS and RHS primaries. The third table (Table 3.5(c)) shows the correlation between the LHS-

RHS pairs. It is clear from these tables that the greatest linear dependence occurs between primary 

elements on the same side of the medial line, with surprisingly less correlation - and in some cases, 

inverse correlation - between elements that cross it. This observation is particularly acute when 

considering the quartet of primary elements that are closest to the centre of the image patch (v40, v48, v72 

and vso). We call these elements the inner primaries, according to the definition provided in Section 3.1, 

and they are indicated with a bold border in Tables 3.4 and 3.5. Interestingly, v40 varies almost 

completely with v72 (p = 0.786), but is inversely related to v48 (p = -0.123), which is equidistant and 

represents the same gradient orientation, but lies across the medial line. The same is true of the other 

three elements forming this inner group. 

VS V40 V72 V,04 

vg 1.000 0.677 0.481 0.425 

0.480 v40 0.677 

vu 0.481 

1.000 0.786 

0.786 1.000 0.676 

vl04 0.425 0.480 0.676 1.000 

V/6 V4s Vgo V//2 

v,6 1.000 0.677 0.492 0.437 

v4S 0.677 

vso 0.492 

1.000 0.802 

0.802 1.000 

0.491 

0.676 

v„2 0.437 0.49 0.676 1.000 

Vg V40 Vi2 V/04 

v/6 0.395 0.206 0.080 0.165 

v48 0.177 

vgo 0.055 

-0.123 -0.180 

-0.186 -0.123 

0.065 

0.181 

v„2 0.150 0.071 0.205 0.396 

(a) (b) (c) 

Table 3.5: Separate groupings from Table 3.4: individual correlation matrices for LHS primaries (a), 
RHS primaries (b), and LHS-RHS pairs (c). The inner elements are surrounded by a dark border. 

We next present a metric we refer to as the keypoint handedness score (h), that yields a surprising 

distribution when applied to a large database of SIFT keys: 

h = (v48 + v80) - (v40 + v72) (3.3) 

Simply put, the handedness score is the difference between the sums of the like-handed inner 

primaries. A negative handedness score indicates that the left-handed elements (v40 and V72) dominate, 

whereas the converse shows a right-hand side dominance. We computed the handedness score on the 

full set of keypoints in SA, and observed the distribution shown in Figure 3.6. 
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Figure 3.6: Histogram of SA keypoints, binned by handedness score (bin size = 10). 

Two things immediately stand out from this graph: first, the anomalous large density spike around 

h=0, which consumes over 5% of the database keypoints; and second, the approximately symmetrical 

distribution with two distinct local maxima at around h = +/- 160. Excluding the one large spike, there 

also appears to be a density valley that extends from about /z=-100 to h=lOO. 

Aside from the h=0 spike, it appears that the data is fairly evenly split between left-side dominant 

(left-handed) and right-side dominant (right-handed) keypoints. The dual maxima at h=+l- 160 and 

central valley confirms the inverse relationship between the LHS and RHS elements highlighted in 

Table 3.4. This seems counter-intuitive: why would these elements, created from adjacent regions of the 

image patch and representing the same gradient orientations, not vary together? The answer lies in the 

second stage of the SIFT algorithm (Section 2.1.2), where local scale-space extrema are rejected due to 

poor contrast or if they are located along edges. An edge manifests itself as a consistent gradient that 

spans the width of the image patch. If patches containing edges were to bypass the second SIFT stage, 

the keypoint would be oriented to the edge gradient and there would be a high degree of correlation 

between the LHS and RHS primary elements. Because of the second-stage filtering, however, the 

dominant gradient cannot span the width of the image patch, and most often it is very unevenly split 

along the medial line, resulting in the distribution shown in Figure 3.6. 

To explain the central spike, we refer again to the post-processing technique of limiting all 

descriptor components to 20% of the vector magnitude. The effect is to reduce the emphasis on the 

most dominant gradients in the image patch and to give, consequently, more influence to the smaller 
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gradients. By construction, the most dominant gradients are aligned with the keypoint orientation, as 

we saw in Figure 3.2. The primary elements closest to the keypoint centre (the inner primaries), from 

which the handedness score is calculated, are the elements most frequently limited by this 20% 

threshold. We hypothesize, then, that the majority of the keypoints that constitute the central spike in 

Figure 3.4 are those whose inner primary elements are all very large and have, consequently, been 

limited by the threshold. The inner primaries thus cancel each other out, which results in a handedness 

score of near 0. 

To verify this hypothesis, we introduce another metric, the inner primary ratio (IPR), that represents 

the magnitude of the inner primary elements in relation to the magnitude of the entire SIFT vector. 

f o n _ ( V 4 0 + 4̂8 + ^72+%)) 
litS.— 7^ 

127 (3.4) (Zvf) 

Larger IPR values indicate a greater influence of the inner primary elements on the descriptor 

vector, while smaller values indicate the converse. We choose a threshold value of IPR=0.235 to 

separate the dataset into those vectors that are highly dependent on the inner primaries (IPR>0.235), 

and those that are less dependent (IPR<=0.235). This threshold corresponds to a matching performance 

peak for filtering trials that are discussed in Section 5.2.3. For now, though, it is simply useful for better 

understanding the concentrations of keypoints in the handedness score bins. Figure 3.7 is a 

reproduction of Figure 3.6, but with each bin concentration delineated based on the density of vectors 

that fall on either side of the IPR threshold. 
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Figure 3.7: Histogram of SA keypoints, binned by handedness score. Keypoint distributions with 
IPR <= 0.235 and IPR > 0.235 are indicated. 

Clearly, our hypothesis regarding the large number of keypoints near h=0 was correct: nearly 90% 

of the vectors that constitute the central spike have IPR values that exceed the threshold. In Chapter 5, 

we demonstrate that there are two specific advantages to be gained by filtering out the high-IPR keys: 

firstly, these vectors tend to be less distinct in general and therefore match poorly; second, by 

eliminating them, we are left with an approximately bimodal distribution that can be easily divided in 

half at the h=0 mark. The latter process enables us to approximately double the matching convergence 

speed. 

3.5 Cross-verification of metrics using SB 

All of the properties of the SIFT descriptor vector discussed in this chapter (and metrics used to 

describe them) have been established using data from the very large SA image archive. In order to show 

that our results are not dependent on the data set, we provide, in this space, a cross-verification of all 

significant metrics using a second, independent image archive obtained from Google Image searches. 

This archive, which we call Image Set B, or SB, contains over 1,000 images and more than 680,000 

keypoints, and - like SA - represents a diversity of complexity and content (the archive's contents are 

summarized in Table 3.6). 
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Image Set 

B 

Total Images 

1.039 xlO3 

Total SIFT Keys 

0.681 x 106 

Content (key words) 

Airplane, army, art, baseball, bears, 
California, circus, college, desert, 
Disney, doctor, dolphins, Epcot, 

forest, giraffe, history, marine, music, 
navy, Olympic, paradise, soccer, 

swing sets, tigers, toroise, vacation, 
whales. 

Table 3.6: Content summary for image set SB. 

In Figure 3.8, we have plotted the means and standard deviations of the descriptor elements for all 

SIFT vectors contained in SB, and overlaid them against the SA results from Figure 3.2. While it appears 

as though the SB results show slightly more variance among the indices on both graphs, the pattern of 

peaks is consistent. In observing the standard deviation graph of Figure 3.8 (b), it appears that our 

hierarchical groupings from Section 3.3 will hold true for this data set as well, with perhaps some 

minor variation in rank order. In particular, the eight primary element peaks are visible, and indeed 

even more exaggerated, on the SB data set. 

Table 3.7 displays the correlation between primary elements using the vectors from the SB image 

archive (grey columns) alongside the corresponding Pearson coefficients for the SA data, from Table 

3.4. Again, there is some minor variation, but the fact that the matrix entries are largely aligned 

indicates strongly that our observations regarding RHS and LHS primaries from Section 3.4 will prove 

true regardless of the data set. 

80 

40 60 80 100 

SIFT Descriptor Index 

(a) 

120 0 20 40 60 80 100 

SIFT Descriptor Index 

(b) 

Figure 3.8: Comparison of mean (a) and standard deviation (b) of SIFT descriptor indices, using 
independent image sets SA and SB. 
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Table 3.7: Correlation matrix for primary elements, using the Pearson coefficient. The entries are 
divided into two columns: the unshaded columns are data calculated using the SA SIFT vectors, while 
the shaded columns are data derived from the SB vectors. As in Table 3.4, the inner primary elements 

are indicated with a bold border. 

Finally, Figure 3.9 lays side-by-side the histograms of the SA and SB keypoints, binned according to 

handedness score. In Figure 3.9 (a), all keypoints are binned, while Figure 3.9 (b) plots only those that 

have high IPR values (IPR > 0.235). The distributions are similar in shape, with the SB archive clearly 

containing more high-IPR vectors that contribute to a larger density spike at the h=0 mark on both 

graphs. In Chapter 5, we show that filtering out the high-IPR keys results in improved matching 

performance. We hypothesize that such an approach would be even more effective on the SB images 

than on the SA images, given the greater number of high-IPR vectors contained in SB. 
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Figure 3.9: Histogram of both SA and SB keypoints, binned by handedness score (bin size is h=10): (a) 
all keypoints; (b) keypoints with IPR > 0.235. 
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Chapter 4 

Experimental Framework and the Error Vector 

This chapter sets up the experimental basis for Chapters 5 and 6, which compare our SIFT matching 

techniques to the current state-of-the-art methods for fast keypoint matching. We begin by stating our 

model of the matching process, which is derived from that used by Mikolajczyk and Matas in [10]. In 

Section 4.2, we explain our experimental method with respect to two transformation trial frameworks: 

the calibration framework and the random framework. Section 4.3 discusses the performance metrics 

used to objectively compare methods and parameter settings, and how they are calculated, while 

Section 4.4 states the computing platform used for all experiments conducted for this thesis. In Section 

4.5, we introduce the error vector, which - analogous to the noise signal in telecommunications -

represents the distortion of the original SIFT descriptor caused by an image transformation. Finally, we 

use the calibration framework to determine a practical threshold for the error vector in Section 4.6. 

4.1 Model of the Matching Process 

Since our aim is to evaluate the performance of various techniques for finding corresponding 

interest points between images under a variety of transformations, we adopt the following model of the 

matching process, which is similar to that described in [10]. Given an image / that contains a set Fi of 

feature vectors, we apply a transformation to / to create /', and from the new image extract feature set 

F/. The problem of finding correspondences, then, is defined as a search for a function 

D •r i r i ^ Yn that assigns every -*• ' either a v-4 from F/ or -Q , representing no match. 

With SIFT matching, the keypoint-pair assignments are based on the closest nearest neighbours by 

Euclidean distance, according to the method described in Section 2.1.5. 

Implied in this notation is that the matching is performed in one direction only: features in F/ are 

searched to find the best match for a given feature in Fi, and not vice-versa. To constrain the matching 

process to a true one-to-one correspondence, symmetrical mapping would need to be enforced. 

However, we focus on one-way matching for two reasons. First, for many applications, like object 

recognition, the unidirectional mapping is sufficient. Second, the performance of most published 



methods for finding nearest-neighbour correspondences [1, 3, 5, 7, 10, 22, 23] are evaluated with 

respect to one-way matching; it therefore makes sense to employ a similar approach for comparative 

purposes. 

4.2 Transformation Trial Frameworks 

For most experiments in this thesis, we have used a set of 10 images which we call S,, our trial 

image dataset. The S, images are shown in thumbnail form in Figure 4.1. They were chosen to reflect a 

variety of complexity and content: a selection of nature scenes, urban scenes, and fine art are included 

in the set. We use the S, images to both find the best parameter selections for our matching algorithm, 

and to compare our approach with existing methods. For the latter, we also run separate analyses using 

a set of publicly-available images5. The transformations are designed to simulate real-world 

phenomena: scale change mimics camera zoom, for example, while contrast changes imitate lighting 

variance introduced by manipulating the camera aperture. The transformations themselves are artificial 

to facilitate the homographical mapping of interest points from the original to the transformed images. 

If the homography can be easily and rapidly calculated, it allows us to perform a greater number of 

trials on a greater number of images. 

Figure 4.1: The ten trial dataset images (S,). 

For parameterization trials, we put each S, image through the fixed sequence of transformations 

shown in Figure 4.2. The four transformations (which we call the calibration framework) are applied 

independently to each image, and the resulting image is matched against the original in each case, for a 

total of 40 trials for every analysis. Having a pre-defined set of transformations allows us to easily 

5 The PCA-SIFT training images, which are available at http://www.cs.cmu.edu/~yke/pcasift/ 
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compare the matching results obtained from two different parameter settings (as in trials to find a 

suitable threshold, for example). 

(a) (b) (c) (d) 

Figure 4.2: The four transformations that make up the calibration framework. Images are (a) rotated 
clockwise by 45°, subject to a contrast increase by 10% of the pixel range (b), scaled by a factor of 1.2 

(c), and compressed to a JPEG quality value of 50 (d). 

While the calibration framework is useful for parameter tuning, we want to ensure that our 

algorithm performs well regardless of the type of image transformation applied. Our random 

framework, then, is an attempt to decouple the matching results from the specific transformations used 

in the calibration process. The random framework uses six different types of transformations, and the 

type and extent of the transformation is randomized according to the ranges specified in Table 4.1. 

Each image is typically subject to two successive transformations, and the resulting image is matched 

against the original in each case. By choosing the transformations randomly, and applying them in 

succession, there is in general much more distortion of the image in these trials. We use this more 

rigorous framework to compare our matching algorithm with existing approaches. 

Transformation Type 

Rotation 

Scale adjustment 

Contrast adjustment 

Affine warp (horizontal shear) 

Gaussian noise addition 

JPEG compression 

Range 

Any angle 

Scaling factor of 0.7 to 1.5 

-20% to 20% of the pixel range 

5% to 25% of the image width 

5=1 to 10 pixels 

Quality values of 40 to 80 

Table 4.1: Transformation types and ranges used for the random framework. For all trials, the 
transformation types are selected randomly from the six listed, and the extent of the transformation is 

chosen randomly from the associated range. 
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4.3 Metrics 

As in [2] and [5], we use recall and precision as the main evaluation metrics, as we want to quantify 

the adeptness of various approaches at both finding the correct SIFT keypoint matches and reducing the 

number of false positives. Thus, we define recall and precision as follows: 

(number of correct matches) 
(number of correspondences) 

. . (number of correct matches) 
precision =-, ; ; -r (4.2) 

(totalnumber oj matches reported) 

A correct match is defined as a match returned where the two keypoints correspond to the same im

age patch, as determined by the homographical mapping between the initial and the transformed im

ages. A 2-pixel tolerance in x-y coordinates is deemed sufficient for identifying a correct match. The 

number of correspondences is pre-determined by examining the x-y coordinates of each SIFT keypoint 

found in both images. If, for a given keypoint in the original image, there exists a keypoint in the trans

formed image at the same homographically-mapped location, then a correspondence is registered. In a 

sense, the number of correspondences can be intuitively thought of as the number of potential correct 

matches, based on the results from the interest-point detection process. 

In some cases, we will be examining two different algorithms and one will exhibit better recall but 

poorer precision than the other, making objective comparison difficult. In such cases we have found it 

useful to combine recall and precision into a scalar value, the Fl score, that represents a linear combin

ation of the two, where both are evenly weighted. The Fl score is defined as follows: 

„ , 2X precision Xrecall ,. „ 
Fl score = y , .— —- (4.3) 

(precision + recall) ' 

It is noted that some applications are more concerned with recall than precision, or vice-versa. In 

this thesis, however, we gear our approach towards the general case where they are assumed to be 

equally important. The F1 score, therefore, is a generic measure of the correctness and thoroughness of 

the matching results achieved by a certain algorithm. We assume a higher Fl score to represent better 
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results, regardless of the recall-precision balance. 

4.4 Computing Platform 

As many of the results in this thesis reference matching times in the seconds or milliseconds range, 

a discussion of the computing platform is necessary for contextualization. Unless otherwise stated, all 

of the experiments conducted for this thesis were performed on a dual-core laptop computer using 

Windows Vista with 4GB of RAM. 

4.5 The Error Vector 

It is useful in the discussion that follows to not only count the number of correct matches resulting 

from a given transformation trial, but also to measure the distortion of the matched feature pairs. We 

thus introduce the error vector, which is analogous to the noise signal in telecommunications processes. 

If mapping function B (from our model of the matching process) returns a matched vector pair (v, yj 

according to the nearest-neighbour distance ratio method described in Section 2.1.2, and it is confirmed 

that the vectors represent the same image patch (using the homographical mapping between the initial 

and transformed images), the error vector, then, is defined as follows: 

e = v'-v (4.4) 

Vector e thus represents the resulting distortion of the SIFT descriptor vector incurred by an image 

transformation. It follows, then, that the magnitude ||e|| is the Euclidean distance between the matched 

feature vectors: 

lkll=V(Z«?) (4-5) 
1=0 

In the next section, we show that it is possible to find a practical limit to the magnitude of the error 

vector, beyond which it is highly improbable that keypoints v and v_' represent the same image patch. 

We also use a similar concept in Chapter 5 (the handedness error) to justify splitting a SIFT feature set 

into left-handed and right-handed bins according to the handedness score, and to determine appropriate 

bin widths (the principal component vector error) for our PCA-based binning algorithm presented in 

Chapter 6. 
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4.6 Thresholding the Error Vector 

The most successful nearest-neighbour search methods used for finding SIFT matches involve the 

construction of either kd-trees or k-means trees [5]. Both of these structures are space-partitioning 

schemes that are designed for quickly isolating the subset of the feature space most likely to contain the 

closest neighbour to the target point. Similarly, the bulk of our matching algorithm rests on the 

assumption that there exists only a small 128-dimensional sub-region around a target point within 

which a nearest neighbour must be found, and an optimal algorithm consists of quickly finding and 

searching this sub-region for a match. 

Here, we assume, for simplicity, that the sub-region is spherical (although the inequality of the 

descriptor vector elements, as demonstrated by the standard deviation graph of Figure 3.2, indicates 

strongly that this is not the case) as shown in Figure 4.3. The radius of the sphere in this figure is 

equivalent to the maximum Euclidean distance between two SIFT keypoint vectors that correspond to 

the same image patch. From Equation 4.5, this value is equal to the upper limit of the magnitude of the 

error vector. 

Figure 4.3: The hypersphere around a target point (indicated by the X) is illustrated, with the radius of 
the hypersphere equivalent to the maximum magnitude of the error vector. Potential matches for X 

must reside inside the hypersphere boundary. 

To arrive at a possible maximum for the error vector, we applied the random transformation 

framework to the entire set of SA images and saved the correctly-matched SIFT keypoint vectors (a total 

of nearly 3.8 million keypoint pairs). For each of the correctly-matched vectors, the error vector 

magnitude was computed, resulting in the distribution shown in Figure 4.4. The mean is zero, since the 

error vector represents the difference between two identically-distributed sets of vectors. The 35 mark 
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(||e|| = 194.9) indicates the threshold that contains approximately 99.5% of the keypoint pairs 

examined. 
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Figure 4.4: Distribution of correctly-matched SA keypoint vector pairs according to the magnitude of 
the error vector, after having applied transformations using the random framework. The 38 mark, 

which represents the threshold within which 99.5% of the vector pairs are found, is indicated by the 
dotted vertical line. 

It is apparent from Figure 4.4 that the distance between correctly-matched keypoint pairs is confined 

to a very small range around the target point, regardless of the transformation. The 35 value represents 

less than a single byte range across a 128-byte vector, meaning that the hypersphere illustrated in 

Figure 4.3 consists of a tiny fraction of the total feature space. We infer from this distribution that SIFT 

will tolerate only a finite amount of distortion of the image patch, beyond which a keypoint will either 

not be detected or its descriptor vector will be too different from the original keypoint to match 

properly. If it is possible to limit the search for a SIFT vector match to the 128-dimensional 

hypersphere around a target point defined by the magnitude of the error vector, we stand to not only 

find the correct nearest neighbour with very high probability, but also to greatly reduce the search time. 

Expressed quantitatively, if we choose the radius of the hypersphere to be equal to the 38 value, and 

noting that the volume of an ^-dimensional sphere (with n an even number) is given by: 

y"~c r (4.6) 
Where 
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(~'n~ urn' ^or even n = ^- (4.7) 

then the volume of the 128-dimensional hypersphere around a keypoint is 

F128 = 7 T 6 4 ^ P = 9 . 8 2 9 X 1 0 2 0 3 (4.8) 

Which seems very large, but when contrasted with the full volume of the SIFT vector space ( 

255128=1.089xl0308), this represents a reduction by a factor of 9.026X10105 of the search space. In 

practice, the reduction factor is much smaller, given that SIFT vectors are typically unevenly clustered 

into a much smaller volume of the total SIFT vector space. However, considering that existing methods 

[1, 5] do not make use of a maximum-distance threshold and are therefore wasting computation cycles 

evaluating keypoints that are too far from the target to match, we stand to improve matching 

convergence speed by intoducing one. 

From the SIFT matching paradigm presented in Section 2.1.5, it is not sufficient to simply find the 

closest nearest neighbour to a given target point: the two closest neighbours must be found, and the 

ratio between their distances is used to declare a match. We therefore use the calibration framework and 

the S, images to find the lowest possible error vector threshold that is still high enough to find the 

closest two matches to the target point. The keypoints in the transformed image are searched linearly 

for a match to a given target vector from the original image. Distance calculations are short-circuited if 

intermediate distances exceed the threshold before all 128 vector elements have been compared. If no 

vectors are under the distance threshold, a null match is returned. If only one vector passes the 

threshold test, it is returned as a match if its distance to the target point is less than 80% of the 

maximum distance. In the case where multiple vectors pass the threshold test, a match is determined by 

the distance ratio threshold as described in Section 2.1.5. The average results from the trials are shown 

in Figure 4.5. Figures 4.5 (a) and 4.5 (b) show the effect of the threshold on recall and precision, 

respectively. The inverse relationship between these metrics is clear: lower thresholds favour higher 

precision at the expense of recall; higher thresholds favour the converse. The Fl score (Figure 4.5 (c)) 

shows gradually better performance as the threshold is increased. We take the intersection of the 

Figure 4.5 (c) curves (between the thresholded and non-thresholded trials) as the practical limit of the 

error vector, as it is the point at which matching performance - as measured by the Fl score - is 

equivalent to the results obtained without a threshold. This crossing point occurs near \\e\\ = 250, and is 
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indicated by the dotted vertical line on all graphs. According to the results of Figure 4.5, at this 

threshold, equivalent SIFT matching performance can be retained while convergence times are sped up 

by a factor greater than 3 (Figure 4.5 (d)). This speed-up alone is approximately equivalent to that 

achieved by PCA-SIFT [2] - a result we validate in Chapter 5. 
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Figure 4.5: Trials to determine an appropriate threshold for the error vector: recall (a), precision (b), 
Fl score (c) and matching time speedup over linear search (d) are shown for a range of thresholds. 

The chosen limit (250) corresponds to the intersection of the Fl scores in (d) and is indicated by the 
dotted vertical line on all graphs. 

Finally, it is worth noting that, in limiting error vectors to a length of 250, we have essentially 

reduced the necessary size of the accumulator for storing the closest Euclidean distances. Given that 

Euclidean distances are typically stored as sum-of-squares (SSD) values, the maximum SSD for ||gJJ is 

then 2502=62,500. Thus, the accumulator can be implemented as a 16-bit unsigned register. 
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Chapter 5 

Handed-Hierarchical Matching 

In Chapter 3, we highlighted some repeatable characteristics of the SIFT descriptor vector, 

supported by evidence from millions of keypoint samples. We showed that some vector elements tend 

to vary far more than others, and are therefore more distinct, as SIFT matching is based on the 

Euclidean distance metric. We also introduced the "handedness" characteristic, which is a tendency of 

the inner primary SIFT elements to be strongly weighted to one side of the medial line. 

In this chapter, we show how these properties can be used to greatly improve SIFT matching speed 

while retaining near-equivalent recall-precision performance of a linear search. Our technique, which 

we refer to as SIFT Handed-Hierarchical Matching (or SIFT-HHM) combines a database split based on 

the handedness score and a hierarchical approach to Euclidean-distance calculation that makes use of 

the descriptor groupings from Chapter 3. An overview of the algorithm is presented in Section 5.1. The 

handedness split (Section 5.2) and the hierarchical Euclidean-distance matching (Section 5.3) modules 

are then treated in isolation, in order to fine-tune thresholding parameters and examine their effect on 

matching performance and speed. The evaluation of Section 5.4 demonstrates how well the full SIFT-

HHM algorithm performs in relation not only to SIFT linear search-based matching, but also when 

compared to two other popular local descriptor alternatives - PCA-SIFT [2] and SURF [4] - that are 

designed specifically to be faster and more robust. 

5.1 Overview of the Algorithm 

Given two SIFT feature sets F/ and Fr, corresponding to different images / and / ' of the same scene, 

the method typically used for finding all of the correspondences between Fi and Fr, without building a 

search tree-type data structure (which is impractical for single-image matching applications), is to 

compare each vector in Ft with each vector in Fr and return the best match (or no match) in every case. 

Our modular Handed-Hierarchical Matching technique can be conceived of as a discrete set of 

methods for short-circuiting the tedious linear search. As each comparison between keypoint vectors 
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requires calculating the Euclidean distance - a computationally expensive process that requires 128 

subtractions, additions and multiplications per vector pair - we focus on limiting the necessary 

comparisons to a select few high-probability potential matches. 

5.1.1 Handedness Splitting Module 

The handedness splitting module - summarized by the pseudo-code in Figure 5.1 - essentially 

divides the databases Ff and Fr in two, using the handedness score from Chapter 3 as the binning 

criteria. The split is preceded by a filtering step that discards all keypoints whose inner primary 

elements constitute too high a percentage of the entire vector length (this is expressed by the inner 

primary ratio, as defined in Section 3.4). The filtering step removes approximately 12% of the 

keypoints from any SIFT database, and results in overall improved matching performance. If they pass 

through the filter, the vectors in Fi will be put into either the left-handed (F//e/,) or right-handed (FIright) 

bin based on individual keypoint handedness scores. Similarly, the Fr vectors will be sent to either Frie/t 

or Fr ngM. The matching program will only compare vectors in Fileft with vectors in Fneft, and FIrighi with 

Fr right, thus reducing the search space - and, consequently, matching times - by approximately half. 

Handedness Splitting Module: 

for each keypoint v in F (and v 

compute inner primary ratio 
if (IPR> 0.235) 

discard v 
else 

'MF,) 
(IPR) 

compute handedness score (h) 
if (A >= 0) 

insert vintoF 
— / right 

else 
insert v into F , 

— 1 left 

Figure 5.1: Pseudo-code description for the handedness-splitting module. 

5.1.2 Hierarchical Euclidean-Distance Matching Module 

The second module makes the vector comparisons between the SIFT keys in first the left-handed, 

then the right-handed bins. As in the original SIFT matching program, Euclidean distance is used to 
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find the closest, and second-closest, matches. In our algorithm, however, we treat the descriptor vector 

hierarchically, according to the standard deviation ranking of Table 3.3. The algorithm works in a 

cascading fashion, as illustrated in the pseudo-code of Figure 5.2. The Euclidean distance is first 

computed for only the eight primary elements (denoted ||ep||), and keypoints with ||ep|| greater than a 

threshold are rejected without comparing the rest of the vector. 

The keypoints that remain from the threshold test are stored, along with the distance ||gp||, into a 

retention cache. After all possible matches have been explored, the retention cache is searched linearly. 

The full Euclidean distance calculations are completed using the rest of the vector and adding the total 

to the ||ep|| value. As in Lowe's algorithm, the distance ratio between the closest and second-closest 

keypoint vectors is used to declare a match or no match. 

Hierarchical Euclidean-Distance Matching Module: 

for each keypoint v in (F 01F ) 
J r - K I left I right' 

for each keypoint v' in (F or F ) 
J r — K l' left / ' right' 

compute primary Euclidean distance between v and v_' (||e ||) 

if%ll>75) 
reject v.' as a potential match 

else 
insert v_' (and \\e ||) into keypoint retention cache 

for each keypoint v_' in retention cache 
compute Euclidean distance calculation for the rest of the vector 

and add to stored lie II value 

save closest and second-closest keypoint matches 

if (closest keypoint distance / second-closest keypoint distance < 0.6) 
declare closest keypoint to be a match 

else 
declare no match for v 

Figure 5.2: Pseudo-code description for the hierarchical Euclidean-distance matching module. 

The hierarchical approach effectively short-circuits Euclidean distance calculations, filtering out a 

great number of unlikely matches using minimal computation. The ||ep|| threshold is tuned to deliver 

approximately equivalent matching performance and a speedup factor of better than one order of 

magnitude over a linear search. 
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5.2 Handedness Splitting 

In our analysis from Section 3.4, we introduced the handedness score (h), which, when applied to a 

large keypoint database such as SA, leads to an almost-bimodal distribution - except for the large 

density spike near h=0 - with local maxima near /z=+-160 (Figure 3.6). We also showed that the 

anomalous, large concentration of keypoints near the h=0 mark consisted primarily of vectors whose 

inner primary elements represent a disproportionately high percentage of the total descriptor length (a 

ratio we termed the inner primary ratio, or IPR). The distribution of SA keys, separated into "high" 

(above-thresold) IPR and "low" (below-threshold) IPR vectors is shown in Figure 3.7. Finally, we 

suggested that by removing the high-IPR vectors, we would be left with a purely bimodal distribution 

with a local minimum near h=0 - in other words, a nearly-ideal distribution for splitting the database in 

half at the h=0 mark. The database-splitting operation would effectively halve the search space for a 

given keypoint match, and theoretically double the search speed. There are concerns with this strategy, 

however. Firstly, we will need to show that the high-IPR vectors are less distinct than the rest, 

otherwise we stand to lose matching performance by eliminating them. Secondly, we will need to 

ensure the boundary effects from splitting the database in half are insignificant enough to be practical: 

if too many keypoints have matches on the opposite side of the h=0 threshold, the splitting operation 

will result in poorer performance, as the correct matches will not be found. We expect that some loss of 

recall and precision will inevitably occur due to the boundary effects; however, we hope to compensate 

for this loss (and in fact demonstrate a net performance gain) by eliminating the high-IPR vectors, 

which represent approximately 12% of all SIFT keys. 

5.2.1 IPR Thresholding 

To better understand the relationship between the IPR value and matching performance, we again 

make use of the stored vectors from the comprehensive set of trials performed on the SA image database 

using the random framework (these vectors were initially used to create a distribution for the 

magnitude of the error vector in Section 4.5). The complete set of vectors (about 8.5 million vectors), 

the correctly matched vectors (nearly 3.8 million), and the incorrectly matched vectors (about 1.4 

million) are all sorted and binned with respect to their IPR value. The graphs of Figure 5.3 show the 

ratio between the number of correctly-matched keypoints with respect to the total number of keypoints 

(Figure 5.3 (a)) and the incorrectly-matched keypoints (Figure 5.3 (b)), respectively, for a range of IPR 
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values. The ratios are quite high for the low-IPR vectors, but degrade rapidly when the IPR is greater 

than about 0.15 (corresponding to vectors whose inner primary elements form 15% of the total 

descriptor length). 

The reason for the poor performance of the high-IPR vectors is straightforward. A high IPR is an 

indication that the gradients that form the inner primary elements - in other words, the image-patch 

gradients aligned to the dominant keypoint orientation - are disproportionately stronger than the rest of 

the gradients in the image patch. The fact that they are much stronger increases the likelihood that they 

were subject to the SIFT post-processing technique of thresholding all descriptor elements to 20% of 

the total vector magnitude, as we hypothesized in Section 3.4. If four elements in the vector need to be 

so limited, it is an indication that the rest of the vector contains very small values. This thresholding, 

followed by the practice of normalizing the vector to unit length, thus serves to magnify otherwise 

insignificant and unstable parts of the vector. It is unsurprising, then, that these particular vectors would 

demonstrate poor matching performance. 
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(a) 0>) 
Figure 5.3: The number of correctly-matched SIFT keys with respect to the total number of keys (a) 
and the incorrectly-matched keys (b), for a range of IPR values, from the SA random transformation 

trials (Section 4.5). 

The ratios of Figure 5.3 give a strong indication that there is a matching performance benefit to be 

realized by rejecting keypoints with IPR above a threshold. We attempt, then, to find this threshold 

experimentally, using the calibration framework and the small set of S, trial images. We tested a range 

of thresholds, from IPR=0.\25 to IPR=0.5, rejecting the keypoints with IPR above the threshold in each 
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case; the rest of the keypoints were matched linearly. We computed the average Fl score for all the 

calibration trials and plotted it against the results obtained with a linear search in Figure 5.4 (a). From 

this graph, it is clear that we are able to realize a small matching performance gain by excluding 

keypoints with high IPR scores if the threshold is set at approximately IPR=0A35 or higher. Setting the 

threshold lower than this point evidently causes the rejection of more "good" (more robust) vectors 

than "bad" ones, and matching performance suffers. The vertical dotted line on Figure 5.4 (a) 

represents the point at which matching performance is maximized on our trial dataset; it is this 

threshold value (IPR=0.235) that we use in our SIFT-HHM algorithm, which causes the rejection of 

approximately 12% of the vectors from the dataset (as indicated by the vertical line in Figure 5.4 (b)). It 

should be noted, however, that any threshold greater than 0.135 is likely acceptable for maintaining the 

matching performance of a linear search, while discarding up to 50% of the vectors, as evidenced by 

the curve of Figure 5.4 (b). 
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Figure 5.4: Matching performance (a) and the percentage of keypoints dropped (b) as a result of 
filtering out keypoints that exceed the given IPR threshold. When the IPR threshold is set to 0.235, 

matching performance is maximized (this point is indicated by the vertical dotted line in both graphs). 

We note that filtering out high-IPR keypoints is a process that could be embedded into the descriptor 

construction stage of SIFT (as descibed in Section 2.1.4) with minimal additional computation (in fact, 

if these keypoints could be detected and rejected at an earlier stage, it may serve to short-circuit the 

description phase and save computation time). Such an additional step is likely to improve SIFT 

matching performance for all types of applications. 

42 



5.2.2 Handedness Error 

After filtering out the SIFT keypoints with high IPR values, binning the remaining database 

keypoints based on their handedness scores yields a symmetrical, bimodal distribution as shown in 

Figure 3.7. The filtering step improves matching performance while making a database split at the h=0 

mark more feasible by eliminating most of the keypoints near the dividing line. It is still important, 

however, to quantify the boundary effects: specifically, how close do the handedness scores need to be 

for two SIFT keypoints representing the same image patch to match? If matching keypoint pairs are 

regularly found on either side of the h=0 line, the database split will result in much poorer matching 

performance. We thus introduce the scalar handedness error (eh), that simply represents the difference 

in the handedness scores from two correctly-matched SIFT vectors: 

eh= K — hv (5.1) 

where v and v' are SIFT keypoint vectors that represent the same image patch in two different 

images, and hv and hv- are their handedness scores, respectively. 

We computed the handedness error for the large set of correctly-matched SIFT vector pairs from the 

SA random transformation trials, and the resulting distribution is shown in Figure 5.5. The mean of the 

distribution is zero, since e* is symmetrical. The dotted vertical line through the graph indicates the 35 

mark (73.02), within which approximately 99.5% of the keypoint pairs are found. 
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Figure 5.5: The absolute value of the handedness error (eA) from all correctly matched keypoint vector 
pairs in the SA transformation trials. Mean and mean plus three standard deviations (signifying the 

threshold containing 99.5% of the matched pairs) values are indicated. 
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Since the handedness score distribution ranges from approximately -250 to 250, the 38 mark 

indicated represents just under one-seventh the total range. Furthermore, due to the density valley from 

about h= -100 to h=\00, the vast majority of keypoints are too far from the h=0 cutoff to be adversely 

affected by the boundary. Table 5.1 lists the percentage of the SA vectors with handedness scores within 

35 of the h=0 threshold (in other words, with h between -73.02 and 73.02) before and after the IPR 

filtering stage. The benefit of filtering is evident, as approximately half the keypoints that are 

vulnerable to boundary effects are removed. Only 8.5% of the post-filter vectors in the SA database are 

within 38 of the handedness error from the dividing line. It is reasonable, then, to expect that the 

matching performance loss due to the database split will be minimal. 

Keypoints within 38 of h=0 mark (%) 

Before IPR filtering 17.1 

After IPR filtering 8.5 

Table 5.1: The percentage of the SA database keypoints with handedness score within 38 of the h=0 
threshold, before and after the IPR filtering stage. 

5.2.3 Comparison with Linear Search 

Here, we attempt to quantify the effect of our handedness-splitting module with respect to matching 

performance and convergence speed. As stated in the algorithm description of Section 5.1.1, we 

conduct our transformation trials as follows. First, SIFT keypoints with IPR values greater than 0.235 

are discarded, which has the double effect of both eliminating keys that are known to match poorly and 

creating a bimodal distribution with local maxima on either side (and equidistant from) the h=0 axis. 

Second, they are each separated into left-handed and right-handed bins based on the sign of the 

handedness score (with the h=0 keys arbitrarily grouped into the right-handed bin; grouping them into 

the left-handed bin yields nearly identical results). Finally, we search (linearly) for keypoint matches 

between like-handed bins. Because we are searching approximately half the database for keypoint 

matches, we expect a speedup factor of two over a full linear search. 

We again used the S, images and the calibration framework to compare the handedness splitting 

technique against a linear search. The results of these trials are shown in Table 5.2. Our technique 
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achieves both better recall and precision, while converging slightly better than twice as fast. It should 

be noted that because the IPR filtering step removes, on average, more than 12% of the keypoints from 

the feature set, we normalized the matching times to the average amount of time required to match two 

1,000-keypoint datasets, counting only the keypoints that pass the filtering stage. 

Matching Technique Recall Precision Fl Score Keypoints Dropped (%) Keypoints Avg. Matching Time (s)6 

Filtered (%) 

SIFT (Linear Search) 0.862 0.990 0.921 0 - 1.147 

SIFT (Handedness Split) 0.865 0.991 0.924 49.7 11.92 0.502 

Table 5.2: SIFT matching trial results using S, and the calibration framework. The handedness splitting 
strategy, combined with high-IPR keypoint filtering, is compared against a linear search. 

5.3 Hierarchical Euclidean-Distance Matching 

Given the descriptor index analysis from Section 3.2, some parts of the SIFT descriptor vector vary 

much more - and are hence more important to a Euclidean distance-based matching algorithm - than 

others, it would make sense to take advantage of this to improve matching convergence times. In 

Section 3.3, we laid the framework for a hierarchical matching strategy by dividing the descriptor 

vector into primary (eight elements), secondary (12 elements), and tertiary (40 elements) groupings 

based on a ranking by standard deviation. The specific vector indices that correspond to these 

groupings are summarized in Table 3.4. We propose to match SIFT vectors in stages and, after each 

stage, retain only the vectors most likely to contain the closest match. We expect that, by eliminating a 

vast majority of the least likely matches after having only examined a small subset of the vector, we 

will be able to approach the recall and precision performance of a linear search while converging in a 

fraction of the time. 

5.3.1 Finding Primary, Secondary and Tertiary Thresholds 

Assuming that the size of the keypoint retention cache is large enough (thousands) to accomodate an 

image of any size, we can eliminate it as a design parameter and use Euclidean distance thresholds to 

determine whether a keypoint is retained or dropped. In keeping with the notation used for our 

6 The average matching time is the approximate time required to find correspondences in two 1,000-keypoint images, with 
filtered keypoints not included. 
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discussion of the error vector in Chapter 3, we introduce the primary (gp), secondary^) and tertiary (e,) 

error vectors as follows: 

eP=(YP-yp') 

&t= hi - Vj') 

(5.3) 
(5.4) 
(5.5) 

where Vp, &, Y,, Vp', &', and v/ are the primary, secondary and tertiary subsets of SIFT vectors v and 

v.', which represent the same image patch. In determining thresholds for the hierarchical matching 

stages, we will be concerned with the magnitude of vectors gp, g, and gj. We thus define the primary 

(dp), secondary (ds) and tertiary (d,) distance as follows: 

rf,=ikjH(2>,(02) 

d=\\ejH(Zes(i)
2) 
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dt=\\ejH(Ze,(i)2) 

(5.6) 

(5.7) 

(5.8) 

In thresholding dp, ds and d,, we aim to achieve the same (or as close as possible) matching 

performance of a linear search while minimizing the convergence time. We again use the St image 

dataset and the calibration framework to derive the thresholds experimentally. Figure 5.8 illustrates the 

calibration trials used to find the best limit for dp. 
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Figure 5.6: Calibration trials for finding an appropriate primary threshold for hierarchical Euclidean-
distance matching (HEDM). Matching performance (a) and speedup factor (b) are shown for a range of 

threshold values. The point at which the Fl score is equivalent to a linear search (dp=15, as indicated 
by the vertical dotted line on both graphs) is chosen as the best threshold. 
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The process used to find an appropriate primary threshold is described as follows. SIFT features are 

extracted from the original and transformed images, and are matched against one another. For each 

keypoint pair, the primary distance is calculated. If dp exceeds the chosen threshold, the search point is 

rejected as a possible match. If dp is lower than the threshold, the search point, along with the dp value, 

is saved into the retention cache. Once all of the possible matches have been examined, the retention 

cache is searched linearly to find the closest and next-closest matches using the full Euclidean distance 

calculation on the rest of the vector. As in the original algorithm proposed by Lowe, the distance ratio 

of 0.6 between the two closest keypoints to the target is used to either return a match or a null match. 

We experimented with a range of primary distance thresholds and achieved the matching performance 

results (represented by the Fl score) shown in Figure 5.6 (a). Obviously, increasing the threshold leads 

to a greater number of keypoints being retained in the cache and better matching performance, at the 

cost of longer computation times (Figure 5.6 (b)). Conversely, smaller thresholds show faster 

convergence but at a lower recall-precision performance. As with the error vector thresholding trials 

from Section 4.5, we chose our primary threshold as the point at which the Fl score using the 

hierarchical algorithm was equivalent to that achieved by means of a linear search. From Figure 5.6 (a), 

this crossing point occurs when dp=15, which results in a speedup factor of approximately 11 over a 

linear search. 

We determined the secondary threshold in a similar fashion. We fixed the primary threshold at 75, 

and forced the SIFT keys with dp<=15 to pass through a second filtering stage. The secondary distance, 

ds, is used to determine which keys are retained in the keypoint cache for full Euclidean distance 

calculation. Figure 5.7 (a) shows our experiments across a range of secondary threshold values. We 

again use the crossing point of the Fl score curves, when comparing our method against a linear 

search, to find the threshold that achieves equivalent matching performance. This point occurs when 

the secondary threshold is set at ds=95, and is indicated by the vertical dotted line in Figure 5.7 (a). 

The tertiary threshold was likewise determined by fixing the primary and secondary thresholds at 

dp=75 and ds=95, respectively, and forcing the remaining keypoints through a third filtering stage using 

the tertiary descriptor grouping. The tertiary threshold that met the matching performance for a linear 

search was found at d,=168, as shown in Figure 5.7 (b). 
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Figure 5.7: Calibration trials for finding appropriate secondary (a) and tertiary (b) thresholds for 
hierarchical Euclidean-distance matching (HEDM). The point at which the Fl score is equivalent to a 
linear search (ds=95 in (a) and 4=168 in (b), as indicated by the vertical dotted lines on both graphs) is 

: chosen as the best threshold. 

The average recall, precision and the matching time speedup factor for all hierarchy trials is 

compared with a linear search in Table 5.3. The Fl scores for all trials line up as a result of the 

calibration process. Recall and precision metrics are nearly identical, with the hierarchical approach 

trading off slightly better recall for a precision loss in all cases. The matching time benefit in treating 

the SIFT descriptor hierarchically is evident from the last column in the table, which shows that we can 

expect approximately an order of magnitude improvement regardless of the number of hierarchy levels 

chosen. This speedup is possible due to the perhaps surprisingly high percentage of keypoints that are 

discarded after computing the Euclidean distance for only a subset of the descriptor vector. In fact, 

96.8% of the potential matches to any given keypoint are rejected after calculating the Euclidean 

distance for only the eight primary elements. Adding subsequent tiers, while eliminating incrementally 

more potential matches, do not benefit the matching time, as the gain not substantial enough to make 

up for the additional processing required to handle the extra levels. We thus choose to limit the 

hierarchical matching algorithm to one level, using the dp=75 threshold, which should deliver the 

equivalent matching performance of a linear search while converging approximately 11 times faster. 
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Hierarchy Levels Threshold(s) Recall Precision Fl Score Keypoints Dropped (%) Speedup Factor over 

Linear Search 

0 1 

96.80 11.04 

99.45 10.88 

99.85 9.28 

Table 5.3: SIFT matching trial results using .S,and a pre-defined set of image transforms. The 
hierarchical approach to Euclidean-distance matching is compared against a linear search. 

5.4 Evaluation 

Here, we present an evaluation of our complete matching algorithm, which combines the 

handedness splitting technique from Section 5.2 and hierarchical Euclidean-distance matching from 

Section 5.3. In addition, we place a maximum value on the magnitude of the error vector as determined 

by the thresholding trials of Section 4.5. We want to compare the full algorithm, which we call SIFT-

HHM (for SIFT-Handed-Hierarchical Matching), against not only SIFT matching using a linear search, 

but also against two other popular local descriptors - PCA-SIFT and SURF - that claim to be both 

faster and more robust than SIFT. 

For the evaluation, we used both our trial image dataset, S„ and the PCA-SIFT training images7. We 

conducted transformation trials according to the random framework specified in Section 4.2. The PCA-

SIFT matching program was thresholded (to a maximum Euclidean distance value of 3750) to deliver a 

similar recall as SIFT, based on a calibration process using a separate set of images and a few simple 

transformations. Like SIFT, SURF keys were matched using a nearest-neighbour distance ratio metric 

of 0.6. The results from the evaluation are shown in Table 5.4. 

7 PCA-SIFT training images can be found at http://www.cs.cmu.edu/~yke/pcasift/ 
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Recall Precision Fl Score Normalized Matching Time8 (s) 

SIFT (Linear Search) 0.684 0.972 0.803 1.210 

PCA-SIFT 0.721 0.940 0.816 0.366 

SURF 0.700 0.962 0.797 0.294 

SIFT-HHM 0.682 0.975 0.803 0.081 

(a) 

Recall Precision F1 Score Normalized Matching Time6 (s) 

SIFT (Linear Search) 0.775 0.987 0.869 1.092 

PCA-SIFT 0.776 0.982 0.867 0.339 

SURF 0.760 0.953 0.846 0.269 

SIFT-HHM 0.765 0.987 0.862 0.072 

(b) 

Table 5.4: SIFT-HHM compared with PCA-SIFT, SURF and a linear search, using the PCA-SIFT 
training images (a) and using our trial image dataset, S, (b). 

We recorded recall, precision and the aggregate Fl score as matching performance metrics. Since 

the number of features extracted by each algorithm is not consistent (PCA-SIFT extracts the same 

number of features as SIFT, but SIFT-HHM matches 12% less than SIFT due to the filtering step and 

SURF finds about two-thirds the number of feature points as SIFT), the matching times are normalized 

to the amount of time it takes to find all of the correspondences between two 1,000-feature datasets. 

This number represents the average amount of SIFT keys extracted from a typical image, and the 

number of SURF features found in a very large, or detailed, image. 

As the PCA-SIFT eigenspace is trained on the first set of images, it is perhaps not surprising that 

PCA-SIFT performs slightly better on it than the other local descriptors (Table 5.4(a)). The roughly 

threefold speedup achieved using PCA-SIFT over regular SIFT can be attributed to the fact that its 

descriptor vector (36 elements long) is just under one-third the length of the SIFT vector. SURF was 

the worst performer - judging by the Fl score - on both datasets. SURF matching is clearly faster than 

8 The normalized matching time is the amount of time it takes to find all of the correspondences between two feature sets 
with 1000 features each. 
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either SIFT or PCA-SIFT matching, however, because it uses a 64-element vector and the database is 

split in two based on the sign of the Laplacian, which can be considered a 65th element. 

Our algorithm showed a slight matching performance degradation over SIFT while reaching 

convergence about an average of 15 times faster, regardless of the image dataset used. SIFT-HHM is 

also comparable, performance-wise, to PCA-SIFT and SURF, at an approximate speedup factor of five 

times and four times, respectively. 

5.5 Discussion 

In this chapter, we constructed an efficient SIFT matching algorithm that exploits the descriptor 

properties described in Chapter 3. Our algorithm is tuned to deliver nearly-identical matching 

performance to standard SIFT matching while converging in approximately one-fifteenth the time. 

When compared with two more recent local descriptors - PCA-SIFT and SURF - that use far fewer 

dimensions, our algorithm achieves comparable recall and precision performance and finds feature 

point correspondences five and four times faster, respectively. By speeding up the cumbersome 

matching step, these results increase the overall attractiveness of SIFT for single-matching applications 

such as real-time object recognition and tracking. 
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Chapter 6 

A PCA-Based Binning Approach for Matching to Large Keypoint 
Databases 

In Chapter 5, we presented a modular approach, which we call SIFT-HHM (for SIFT-Handed-

Hierarchical Matching), for quickly finding SIFT keypoint correspondences in image pairs. This 

algorithm is well-suited to applications like object-tracking, where the features need to be computed 

and compared from consecutive frames in real time. Some applications, however, require quickly 

finding correspondences to a very large archive. In these applications, like content-based image 

retrieval, it is more practical to construct a searchable data structure from the archive. For fast SIFT 

matching to large databases, the most successful such techniques have found approximate nearest-

neighbours using randomized kd-trees or k-means trees [3]. The latter reportedly improves query 

search speeds by a factor of three orders of magnitude over a linear search, at a reduced (60%) 

precision rate on databases with 100,000 SIFT vectors (a result verified by our evaluation in Section 

6.3). 

For these types of applications, we propose to divide a SIFT keypoint database into a series of bins, 

using the principal components of the SIFT descriptor vector as the binning criteria. In the discussion 

that follows, we use the value N to describe the number of times the database is divided, using the first 

N principal components. The optimal choice of iVis dependent on the size of the database, as we show 

in Section 6.2. The bin contents are stored in a hash table, and retrieved using a unique integer key. The 

database query process is described as follows. The principal components for the query vector are first 

computed, and a desired search range is provided by the user. All of the bins within the given range 

from the query vector are retrieved; their contents are searched using the SIFT-HHM technique from 

Chapter 5. Our experiments (Section 6.3) show that our binning method, which we refer to as SIFT-

BHHM (for Binned Handed-Hierarchical Matching), is approximately three times faster than the fastest 

tree-based methods for the same matching performance on databases of 100,000, 1 million and 2 

million SIFT vectors. Furthermore, its simple construction allows for fast build times and it is easily 

scalable: additional keypoints can be inserted by simply applying a PCA projection to their descriptor 

vectors and appending them to the appropriate bins. If the database grows to the point where further 

subdivision is necessary, this is also a trivial operation. By comparison, tree structures require time-



consuming tree-traversals and re-balancing when new vectors are added. 

6.1 PCA Descriptor and PCA Error Vector 

Our algorithm uses the PCA projection of SIFT vectors to associate SIFT keys with specific bins. 

The PCA projection, which we will call the principal component vector (PCV), creates an orthogonal 

and truncated vector space, using the principal components of the SIFT space as a basis. The PCA 

projection is inherently hierarchical, with the first element representing the axis along which the data 

shows the greatest variance, the second element the second-most variance, and so on (a more thorough 

review of PCA is provided in Section 2.2). As such, it is an ideal transformation for dimensionality 

reduction, as the highest-order elements typically represent data variance in the noise range and can be 

eliminated. PCA projection has been used most notably in [2] to reduce a 3042-element SIFT input 

vector to 36 dimensions. Our approach differs from PCA-SIFT in that we are using PCA only to 

partition the data; the keypoints retrieved from a query are evaluated using their standard 128-element 

SIFT descriptor vectors, by the method described in Chapter 59. The strategy for sorting a database into 

bins is covered in detail in Section 6.2. Here, we introduce the principal component vector and its 

associated error vector, epcv- The standard deviation of epCv is used to define the width of the bins at 

each PCV index. 

To construct the PCA projection matrix, the SIFT eigenspace was calculated offline from the large 

SA image archive (we used public-domain software for this task10). The TV-dimensional PCV (where iV< 

128), then, is the vector created from the TV principal component projections of the SIFT vector space, 

and is defined as follows: 

PCV = NormfKLT{v}} = {PCV0, PCV,, PCV2, PCV3, ..., PCVN} (6.1) 

where KLT is the Karhunen-Loeve transform described in Section 2.2, and v is a SIFT descriptor 

vector. The resulting PCV elements have approximately-Gaussian distributions. The Norm function 

simply scales and shifts the PCA projection of v such that every element in PCV has a mean of 127.5 

(half the byte range) and a standard deviation of 50, as shown in Figure 6.1. Furthermore, the PCV 

9 It is possible that our binning approach could work for sorting PCA-SIFT (or SURF, for that matter) vectors as well, 
provided that a low-level algorithm like SIFT-HHM can be developed that takes advantage of the properties of these 
descriptors to achieve an order-of-magnitude improvement over a linear search. We discuss this possibility in Chapter 7. 

10 http://astro.u-strasbg.fr/~fmurtagh/mda-sw/, retrieved June, 2009. 
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elements are thresholded at 0 and 255 to contain their values within a byte range in order to reduce 

overhead. This normalization step allows us to construct a general binning algorithm that expects the 

same distribution of keypoints at every index. We refer to the individual principal components as PCV0 

(for the first principal component), PCVi (for the second principal component), PCV2, and so on. 

4.00% 

3.50% 

3.00% 

2.50% 

2.00% 

1.50% 

1.00% 

0.50% 

0.00% • • ' 
10 30 50 70 90 110 130 150 170 190 210 230 250 

0 20 40 60 80 100 120 140 160 180 200 220 240 

PCVO 

Figure 6.1: The principal component vector elements are normalized to an approximately-Gaussian 
distribution with mean of 127.5 and 5 = 50. The distribution of the first principal component (PCV0), 

is shown. 

Analagous to our discussion of the SIFT error vector in Section 4.4, our binning algorithm is an 

attempt to reduce the search space around a target vector as much as possible while still returning the 

closest nearest neighbour. We conceived of the SIFT search space as a 128-dimensional hypersphere, 

with a radius equal to the maximum magnitude of the error vector. Here we use the orthogonal PCA 

space to partition the data, grouping keypoints with close principal components into the same bins. The 

width of the bins (in terms of the range of PCV values held by a given bin) is determined 

experimentally, by looking at the difference in the PCV elements for correctly-matched keypoint pairs 

over a large set of transformation trials. This difference vector, which we call the PCV error vector 

{epcv), is defined as follows: 

epcv= PCV-PCV = {epcvo, ePCvi, ePCv2, ... epcmj (6.2) 

where PCV and PCV are principal component vectors for two SIFT descriptors corresponding to 

different views of the same image patch. Like the PCV, the PCV error vector's constituent scalars are 

denoted e?cvo, epcvi, epcv2 and so on. 

In Section 4.5, we found the distribution for the magnitude of the SIFT error vector, e, by examining 

the millions of correctly-matched vector pairs resulting from the random transformation trials on the 

III 
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SA image database. Here, we use the same vector pairs to find distributions for the individual elements 

in epcr- The principal component vectors for all of the matched pairs were computed using the PCA 

projection matrix, and epcv is computed for each pair. The distributions for the first four elements of 

\ej>cv\ are shown in Figure 6.2 (the absolute value is used in this case because epcv is symmetrical in the 

negative range). Evidently, there is very little difference between the distributions, and most data points 

are contained within a small value, when compared with the full byte range of the PCV elements. This 

is an indication that, for correctly-matched keypoint pairs, the first few principal components are very 

closely aligned. We might expect, however, that the higher-order principal components will not be as 

synchronized. This is because higher-order elements represent axes about which the data shows less 

variance; these elements, therefore, do not contribute as much to a match. The standard deviations (5) 

and 38 mark (representing the threshold within which 99.5% of the correctly-matched keypoint pairs 

are found) for the first 16 elements of ej>Cv are shown in Table 6.1. There seems to be a gradual, if 

inconsistent, upward trend in the 8 value with increasing index of epcv- The first six elements have 38 

values less than 30, which corresponds to less than one-eighth the PCV byte range. 

In Section 6.2, we use the standard deviation of the PCV error vector as a basis for determining the 

width of the bins, and for determining the search range for database queries. It is useful, then, to refer 

to it by the following vector notation: 

SePCV= {SePCVO, SePCVl, dePCV2, ••• , SePCVN} (6-3) 

where depcn represents the standard deviation of the i'h element of the PCV error vector. S^PCV 

effectively represents the median PCV difference between two SIFT vectors representing the same 

image patch. 

35.00% 

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 

Figure 6.2: Distribution of the first four elements of \epcv\ (epcro, ePCvi, ePCv2, ePCvi), computed from 
the random SA transformation trials. 
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11.09 
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12.71 

11.84 
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11.28 

12.64 

12.16 

35 

33.27 

37.95 

38.13 

35.52 

39.57 

33.84 

37.92 

36.48 

Table 6.1: Standard deviations for first 16 elements of ej>cv~ 

6.2 Binning Algorithm 

In this section, we describe in detail our binning algorithm for finding fast matches in large SIFT 

keypoint databases. Section 6.2.1 covers the method by which keypoints are sorted and stored in bins, 

using their first N principal components. Section 6.2.2 discusses the database query process, whereby 

the bins closest to the query vector are retrieved and their contents searched using the SIFT-HHM 

technique from Chapter 5. In Section 6.2.3, we attempt to optimize N for databases of 100,000, 1 

million and 2 million SIFT keys. 

6.2.1 Database Sorting 

In order to sort SIFT keys into bins, we must first define boundaries with which to divide the 

database. Because the PCV elements all have approximately the same distribution (near-Gaussian with 

a mean of 127.5 and standard deviation of 50, as shown in Figure 6.1), it is possible to create a generic 

method for assigning bin boundaries, regardless of the PCV index used. We use the S^PCV vector (Table 

6.1), which varies depending on the index, to define the bin widths. The index value is first rounded up 

to the nearest integer, and bin widths are nominally assigned to be four times this value, as follows: 

w,• = 4 * roundup(depcvi) (6-4) 

where wt represents the width of the bins for PCV element / (/' < N). The four-times multiplier 
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represents a compromise between granularity and a desire to minimize the number of hash table 

retrievals, which can negatively impact the search times (it also ensures a IS^PCV range on either side of 

the bin median). Figure 6.3 illustrates the delineation of the bins for PCV element /'. Since the PCV 

elements are contained within a byte range, the values 0 (minimum), 255 (maximum) and 127.5 (mean) 

represent natural boundaries. The w, indices create the remaining thresholds; however, the size of the 

wi values dictates the number of bins used, according to the ranges specified in Table 6.2. This was a 

design decision to ensure that no maximum bin boundary could be less than the mean minus 25 (27.5) 

of the PCV element; likewise, no minimum boundary could be more than the mean plus 28 (227.5) of 

the PCV element (these points are shown by the dotted vertical lines in Figure 6.3). Allowing 

boundaries outside this range would result in bins with very few keypoint entries. Finally, Table 6.3 

summarizes the bin structure used on our datasets. The first 16 PCV indices, with their corresponding 

depcv value (from Table 6.1) are listed. The remaining columns show the calculation of the bin width 

value, Wj, and number of bins at each index /'. All of the indices in the table separate the database into 

either 6 or 4 bins, according to the formula laid out in Table 6.2. In Section 6.2.3, we show that a choice 

ofN=6 will maximize performance on a database with 100,000 SIFT keys. According to Table 6.3, this 

means that we will utilize PCV indices 0-5 to divide the database. Since these indices correspond to a 

division into 6 bins each, the total database division is 66 = 46,656, which allows for, on average, just 

over two SIFT vectors per bin. In practice, because the PCV elements have Gaussian (and not uniform) 

distributions, some bins will have far more entries than others, and a large percentage will be empty. 

For these reasons, the bin structure is implemented as a sparse hash table within which only bins 

containing vectors are stored. 

27.5 227.5 
0 1 2 7 - 5 255 

i 127.5-2B- 127.5-H- 127.5+n> 127.5+2M> 

I I I L_ I l _ L_ I 
Figure 6.3: Bin boundaries for PCV element / are determined by the chosen width element wt. No bin 

maximum is allowed to be less than 27.5 and no bin minimum is allowed to be greater than 227.5 
(these values correspond to the 28 range of all PCV elements, and are indicated by the vertical dotted 

lines). 
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Bin Width (for the i'h index) Number of bins for PCV index i 

wt <= 50 6 

w,>50&&w,<= 100 4 

wi> 100 2 

Table 6.2: The number of bins for each index is determined by the size of the width elements. The 
thresholds 50 and 100 represent one and two standard deviations of the PCV element, respectively. 

PCV index i 

0 

1 

2 

3 

4 

5 

6 

7 

QePCVi 

7.70 

6.72 

7.60 

9.03 

7.95 

9.72 

12.10 

10.24 

Wj 

4*8= 32 

4*7= 28 

4*8= 32 

4*10=40 

4*8= 32 

4*10=40 

4*13=52 

4*11=44 

#bins at index 
i 

6 

6 

6 

6 

6 

6 

4 

6 

PCV index /' 

8 

9 

10 

11 

12 

13 

14 

15 

QtPcn 

11.09 

12.65 

12.71 

11.84 

13.19 

11.28 

12.64 

12.16 

Wi 

4*12=48 

4*13=52 

4*13=52 

4*12=48 

4*14=56 

4*12=48 

4*13=52 

4*13=52 

#bins at index 
i 

6 

4 

4 

6 

4 

6 

4 

4 

Table 6.3: The &./>Cr values, bin widths and the number of bins at each PCV index /', computed from 
random transformation trials on our SA image archive. 

A SIFT vector is inserted into the binning structure as follows. To begin, the first N principal 

components are computed. Each PCV index value is then compared against the bin boundaries for that 

particular index, and an array keeps track of the bin number within which the keypoint falls. Figure 6.4 

demonstrates this process using a simplified bin structure with JV=3. SIFT vector A's first principal 

component (PCV0) falls within the range for bin number 2, its second principal component within the 

PCV] bin 3 range, and its third principal component within the PCV2 bin 1 range. The bin insertion 

array holds the bin numbers for each index. 
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Binning element 

PCV 

© Bin insertion array = 

[2 ,3 ,11 

L2 H I2 U L l i 

PCV l° I1 I \* I5 I 

PCV 1°. JA JJ I 
Figure 6.4: SIFT Keypoint A fits within the boundaries of bin 2 for index PCV0, bin 3 for PCVh and 

bin 1 for PCV2. The bin numbers for each index are saved into the bin insertion array. 

The last step is to take the bin insertion array values and construct a unique integer key with which 

to identify the bin, so that it can be inserted into a hash table structure. The key must be unique so as to 

avoid hash collisions. We use the following formula to generate this unique bin key: 

J V - l N-\ 

unique bin key = ^^b^W n) 
i=0 /'=;'+1 

(6.5) 

where bt represents the bin number at the /'* index (from the bin insertion array), and «,- represents 

the number of bins at index j , where j=i+l. From the example illustrated in Figure 6.4, keypoint A's 

unique integer key is 2*(6*6)+3*(6)+l = 91. Note that, in this example, because all three indices use 6 

bins, the integer key is effectively a three-digit base-6 value (although this is not always the case as 

some PCV indices, like index 6, use only 4 bins). Keypoint A is inserted into the hash table structure, 

using integer key 91 to reference a linked list element containing bin's SIFT vectors. We have used the 

hash_map class from the C++ Standard Template Library to implement the hash table". Upon 

11 STL documentation and source can be found at http://www.sgi.coin/tech/stl/. Other hash table implementations, such as 
Google's s p a r s e h a s h and d e n s e h a s h , may be used in place of hash_map, to optimize for memory usage and 
search speed, respectively. 
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insertion, the algorithm first checks to see if there already are entries in the desired bin, and if so, 

prepends the current SIFT key to the list; otherwise, it creates the list with the current key as the only 

entry. 

Of final note, in our implementation, we combine the IPR filtering and handedness splitting stages 

from SIFT-HHM into the database sort: the former by excluding the high-IPR keys from the database, 

and the latter by multiplying the unique bin integer keys by -1 for all left-handed SIFT vectors (so as to 

distinguish them from the right-handed vectors with the same integer key). 

6.2.2 Database Querying 

The database query process is implemented as a range search: bins within the user-specified range 

from the query vector are retrieved from the hash table, and their contents are searched using the 

method from Chapter 5. The search width input parameter is expressed as a multiple of the dgpcv 

vector, and from it the boundaries of the search are defined at every PCV index. Once the PCV is 

computed for the query vector, we use the search width to retrieve all of the bins that fall within the 

given range. The bins themselves are identified by computing their unique bin keys (according to the 

formula of Equation 6.5), and a cache holds a pointer to each bin retrieved (if no hash table entries exist 

for a given bin key, no pointer is stored). Finally, each bin is iteratively searched (in the order of 

retrieval) using SIFT-HHM. Figure 6.5 provides an illustrated example, again using a simplified bin 

structure with N=3. A search range W is given along with SIFT query vector Q, and the bins that fall 

within the search window are indicated in grey. A set of bin retrieval arrays keeps track of the bin 

combinations as the PCV index is incremented. The contents of the bin retrieval arrays are finally used 

to compute the unique bin integer keys. In this example, four bins are retrieved from the query. 
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Figure 6.5: SIFT query vector Q and search width Ware provided for a database search. The bins that 
fall within the search window at every PCV index are indicated in grey, and the bin retrieval arrays 

hold the possible bin combinations. 

6.2.3 Optimizing N 

In this section we examine the performance of SIFT-BHHM relative to a linear search, for a range of 

./V values and on databases of 100,000, 1 million and 2 million SIFT vectors. The specific performance 

metrics we wish to track are precision and recall (represented by the aggregate Fl score) and search 

speed (represented as a speedup factor over a linear search). We base our choice of N on that which 

delivers the highest search time improvement for a given Fl score level. For these trials, we used the 

calibration framework on St, our trial image set. All of the keypoints from the S, images were appended 

to a single keypoint file (this totaled approximately 12,000 SIFT keys). To bring our databases up to 

100,000, 1 million and 2 million vectors, we randomly selected images from the SA and SB archives and 

appended their keypoints to the file. For the trials, we performed transformations on the S, images, and 

used the SIFT vectors extracted from the transformed images as query vectors for the database, 

effectively modeling an image-search application. Since the original S, images are part of the database, 

the number of potential correct matches is known. 

The results of our trials on all databases are shown in Figure 6.6. The first two graphs (Figure 6.6 (a) 

and (b)) capture the matching versus speed performance and the number of created bins, respectively, 

for varying values of TV on the 100,000-keypoint database. Likewise, Figures 6.6 (c) and (d) capture the 
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same metrics on the 1-million database trials, and Figures 6.6 (e) and (f) refer to the 2-million database 

trials. We will first discuss the matching versus speed performance graphs (Figures 6.6 (a), (c) and (e)) 

for all three databases. To create the curves, we experimented with a variety of iV values and varied the 

query search width (W) variable from 1.0 to 4.0. On all three of these graphs, the vertical dotted line 

indicates the Fl score achieved by means of a linear search. In examining Figure 6.6 (a), it is apparent 

that, to achieve a matching performance level equivalent to a linear search, a choice of N=5 or N=6 

delivers the fastest search speeds (a speedup factor of nearly three orders of magnitude). If it is not 

necessary to achieve equivalent recall-precision to a linear search (Fl scores from approximately 0.65 

to 0.8), it is clear that N=6 is the best choice. At even lower matching performance levels (Fl score 

under 0.6), N=l appears to slightly outperform. On the 1-million feature set (Figure 6.6 (c)), it appears 

as though N=l and N=8 provide the best search speeds for a given matching performance level, with 

iV=8 performing slightly better for most recall-precision levels. Finally, matching trials on the 2-million 

feature set (Figure 6.6 (e)) also show the best overall performance with JV=8. 

The bin insertion graphs (Figures 6.6 (b), (d) and (f)) all show a similar S-curve pattern. There 

appears to be an exponential increase in the number of bins for lower values of TV that eventually levels 

off as TV is incremented. Recursively dividing the database into progressively smaller bins seems to 

reach a saturation point, where, presumably, the bins are small enough and cannot be divided further. 

As we might expect, the saturation point, or leveling-off phase, occurs earlier on the smaller databases 

(approximately at N=9 for the 100,000-keypoint trials) than on the larger databases (about iV=ll on the 

2-million keypoint dataset). Interestingly, the midpoint of the S-curves seems to approximately 

coincide with the optimal matching and speed performance on all three databases (N=6 or N=l on the 

100,000-keypoint database, and 7V=8 on the 1-million and 2-million keypoint databases). Intuitively, 

this is the point at which the database has been divided enough times, and, consequently, the bins are 

small enough to significantly reduce the search space. Beyond this point, the additional (and smaller) 

bins do not justify the increased time cost involved in computing exponentially more unique bin integer 

keys for retrieval. 
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Figure 6.6: Search speed versus matching performance (a, c, e) and bin insertion (b, d, f) graphs for 

calibration trials using databases of 100,000 (a, b), 1 million (c, d) and 2 million (e, f) SIFT keys. On 
graphs (a), (c) and (e), the Fl score achieved by means of a linear search is indicated with a vertical 

dotted line. 
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We note finally that Figures 6.6 (a), (c) and (e) show that SIFT-BHHM is able to exceed the 

matching performance of a linear search using high search width values of either 3.0 or 4.0. While it 

may seem unlikely that a search algorithm that examines only a small fraction of a database might 

achieve better recall and precision than one that examines every potential match, we hypothesize that 

the reasons for this improvement are twofold. First, the IPR filtering stage in the HHM algorithm 

(Chapter 5), which is used to find the correct match once a bin has been retrieved, may have a greater 

effect on larger databases. We showed in Chapter 5 that the high-IPR SIFT keypoints are less distinct 

and therefore match more poorly than the low-IPR keys on single-image trials. Placed within a large 

database, the high-IPR keys become even less distinct, given the number of additional keypoints that 

will have very similar descriptor vectors. A second reason for the improved matching performance may 

be that the nearest-neighbour distance ratio used to declare a match (the closest vector to the query 

point must be less than 60% of the distance to the second-closest vector) is not suitable for large 

databases, where many more vectors could come very close to the query point. Our method of 

isolating a small subset of potential matches could introduce an incidental benefit of filtering out keys 

that might have been the second-closest vectors to the query points, thus allowing the closest match to 

pass the distance ratio test. 

6.3 Evaluation 

In this section, we compare SIFT-BHHM with the fastest available approximate nearest-neighbour 

search software, FLANN (Fast Library for Approximate Nearest Neighbours) [3], which reportedly can 

achieve up to 1,000 times search speed improvement on a single nearest-neighbour search, while 

returning 95% of the closest matches to a query vector (this result is achieved on a dataset with 31 

million SIFT features). In Section 6.3.1, we describe FLANN in further detail, and Section 6.3.2 

discusses our experimental results using the random framework on databases of 100,000 (which we call 

SIFT100K), 1 million (SIFT1M) and 2 million (SIFT2M) SIFT keys. 

6.3.1 FLANN 

FLANN is a configurable nearest-neighbour search library that is intended for use with a variety of 

high-dimensional vector spaces. Given a desired search precision (a positive floating-point number less 

than 1), and other parameters to optimize for memory use or build time, the algorithm examines the 
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dataset and chooses the best search algorithm to apply. According to [3], the best results for SIFT 

vectors use either randomized kd-trees or k-means trees (these algorithms are described in Chapter 2). 

To find the optimal FLANN search algorithms for our datasets, we initialized the program using the 

default parameters (so as not to state a preference for either build time or memory use) and varied the 

target precision value from 0.6 to 0.9. The algorithms (and associated parameters) chosen by FLANN 

to achieve the fastest-possible query search results after examining all three (SIFT100K, SIFT1M and 

SIFT2M) databases are summarized in Table 6.4. For every configuration, the k-means tree was chosen 

as the most appropriate algorithm for our datasets. Higher search precision is achieved by increasing 

either the branching factor, number of search iterations, the number of leaf nodes examined per 

iteration, or some combination thereof. These settings are saved and used in the next section to 

configure FLANN for the comparison trials against SIFT-BHHM. 

Target Algorithm chosen by FLANN 
Precision (100K SIFT database) 

0.6 k-means tree, 
branching factor = 32, 

maximum 5 search iterations, 
max. 1 leaf node searched / 

iteration 

0.7 k-means tree, 
branching factor = 32, 

maximum 5 search iterations, 
max. 16 leaf nodes searched / 

iteration 

0.8 k-means tree, 
branching factor = 32, 

maximum 10 search iterations, 
max. 57 leaf nodes searched / 

iteration 

0.9 k-means tree, 
branching factor = 32, 

maximum 10 search iterations, 
max. 193 leaf nodes searched/ 

iteration 

Algorithm chosen by FLANN 
(1M SIFT database) 

k-means tree, 
branching factor =16, 

maximum 1 search iteration, 
max. 1 leaf node searched/ 

iteration 

k-means tree, 
branching factor =32, 

maximum 1 search iteration, 
max. 1 leaf node searched/ 

iteration 

k-means tree, 
branching factor = 64, 

maximum 1 search iteration, 
max. 1 leaf node searched / 

iteration 

k-means tree, 
branching factor =16, 

maximum 5 search iterations, 
max. 230 leaf nodes searched / 

iteration 

Algorithm chosen by FLANN 
(2M SIFT database) 

k-means tree, 
branching factor = 32, 

maximum 1 search iteration, 
max. 1 leaf node searched / 

iteration 

k-means tree, 
branching factor = 32, 

maximum 5 search iterations, 
max. 16 leaf nodes searched/ 

iteration 

k-means tree, 
branching factor = 32, 

maximum 10 search iterations, 
max. 32 leaf nodes searched/ 

iteration 

k-means tree, 
branching factor = 16, 

maximum 5 search iterations, 
max. 240 leaf nodes searched / 

iteration 

Table 6.4: Algorithms (and associated parameters) chosen by FLANN given SIFT databases of 
100,000, 1 million and 2 million keypoints and a range of target precision values (0.6 to 0.9). 
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6.3.2 SIFT-BHHM versus FLANN 

In this section we compare our binning algorithm with FLANN using the random framework. The 

publicly-available images used to train PCA-SIFT12 are used here as our query images. We formed our 

databases by first extracting the SIFT keys from the query images, then combining them with a random 

sampling of SIFT vectors from the SA and SB image archives (note that these are different random 

samples than those used to build the databases for the trials in Section 6.2.3). For SIFT100K, we have 

chosen to run the binning algorithm with N=6, as it shows the fastest search speeds for the widest range 

of Fl scores (although the case could be made for N=l or JV=5 based on the results from Figure 6.6 (a), 

depending on the desired level of matching performance). Similarly, we chose N=S for both SIFT1M 

and SIFT2M. On all three databases, we varied the search width variable from 0.5 to 2.5 to get the 

speedup-versus-Fl score curves. FLANN was configured using the optimal algorithm parameters 

summarized in Table 6.4. We re-compiled the FLANN source13 (rather than simply making use of the 

existing binaries) to ensure that the compilation settings were consistent for SIFT-BHHM, the linear 

search and the FLANN matching program. For every query vector, FLANN returns the two nearest 

neighbours, and the distance ratio test (from Section 2.1.5) is applied to declare a match. 

Figure 6.7 compares SIFT-BHHM and FLANN on search speedup versus matching performance 

graphs (shown on a logarithmic scale). Our binning algorithm clearly outperforms FLANN on all three 

databases. There are some areas where the two algorithms are closer or further apart, but our algorithm 

typically achieves a three-fold speedup factor over FLANN for the same level of matching 

performance. The Fl score achieved by means of a linear search is again indicated by the vertical 

dotted line on all graphs. Our algorithm is able to deliver a nearly 1,000-fold speed improvement over a 

linear search - while maintaining an equivalent Fl score - on the SIFT100K database (Figure 6.7(a)), 

and about 10,000-fold speed improvement at a similar recall-precision level on both the SIFT1M and 

SIFT2M databases (Figures 6.7 (b-c)). In Table 6.5, we have used linear interpolation on the graphs of 

Figure 6.7 to estimate the speedup factor achieved at two matching performance points (60% and 90% 

of the linear search Fl score) on all three databases. The approximate factor-of-three improvement over 

FLANN is clearly evident from this table. Table 6.6 shows the actual search times for a 1,000-feature 

query (the number of SIFT features in a typical image) using FLANN, SIFT-BHHM and a linear search 

12 http://www.cs.cmu.edu/~yke/pcasift/, retrieved June 2009. 
13 FLANN source is available at http://people.cs.ubc.ca/~mariusm/index.php/FLANN/FLANN. retrieved June 2009. 
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on all three databases. 

The database build times indicated in Table 6.7 show SIFT-BHHM to be markedly faster on all data 

sets, which is perhaps to be expected, given the relative simplicity of the binning algorithm compared 

to a k-means tree. 

1.0e+4 1.0E+5 

b 1.0e+3 

P. 

W=0.5 

|.0e+2 •+— 
0.37 0.38 0.40 0.42 

1.0E+2 
0.350 0.400 0.450 0.500 0.550 0.600 

Fl Score 

(c) 
Figure 6.7: SIFT-BHHM and FLANN algorithms are compared, on a logarithmic scale, in terms of 

matching performance (Fl score) and search speed, using the SIFT100K (a), SIFT1M (b) and SIFT2M 
(c) databases. The search width (W) value and the target precision (pr) are indicated for the SIFT-

BHHM and FLANN trials, respectively. The linear-search F1 score is marked by the vertical dotted 
line on all three graphs. 
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SIFT100K SIFT1M SIFT2M 

Algorithm speedup factor speedup factor speedup factor 

60% LS 90% LS 60% LS 90% LS 60% LS 90% LS 

FLANN 1744 602 12569 4505 19155 6136 

SIFT-BHHM 4703 1954 39483 19872 52021 18968 
Table 6.5: Interpolated speedup factors for FLANN and SIFT-BHHM on all three datasets, using 60% 

and 90% of the Fl score achieved by means of a linear search as performance points. 

Algorithm Avg. Search Time for 1000 Query Features (s) 

SIFT100K SIFT1M SIFT2M 

Linear Search 123 1233.7 2549.9 

FLANN 0.21 0.27 0.42 

SIFT-BHHM 0.06 0.06 0.13 

Table 6.6: Average query times for a 1000-feature search (the number of SIFT features in a typical 
image). For FLANN and SIFT-BHHM, the matching performance for the times given is 90% of that 

achieved by means of a linear search. 

Algorithm Average SIFT100K Build Time 
(s) 

FLANN 55.4 

SIFT-BHHM 3.0 

Average SIFT1M 
Build Time (s) 

883.0 

70.7 

Average SIFT2M 
Build Time (s) 

1116.4 

90.2 

Table 6.7: Average build times for FLANN and SIFT-BHHM for the SIFT100K, SIFT1M and SIFT2M 
databases. 

6.4 Discussion 

In this chapter, we built upon the SIFT-HHM technique introduced in Chapter 5 and constructed a 

binning algorithm that addresses the content-based image retrieval problem. Our technique decomposes 

a SIFT keypoint database into bins using the principal components of the SIFT descriptor vector as the 

binning criteria. The bin widths are designed to reflect the typical displacement (depcv) along the 

principal component axes by two SIFT vectors representing the same image patch. For querying a 

database, the user specifies a search width variable that is a multiple of this typical displacement value. 

All of the bins contained within the given range are retrieved by the query process and, finally, 
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searched using SIFT-HHM. Our experiments from Section 6.3 show our modular binning algorithm to 

outperform FLANN search speeds - the current state-of-the-art for SIFT nearest-neighbour search - by 

an approximate factor of three for the same matching performance. Furthermore, due to its simplicity, 

our database sort process takes less than one-tenth the time to build a k-means tree, the optimal 

algorithm chosen by FLANN for SIFT matching. 

The faster search speeds achieved by our binning algorithm may be attributed to its effectiveness at 

isolating a very small subset of potential matches from a large keypoint database: our analysis of the 

PCV error vector from Section 6.1 shows that two vectors representing the same image patch tend to 

have very close alignment of their principal components, regardless of the type and extent of the 

distortion applied (too much distortion will render the vector unmatchable using any algorithm). 

Furthermore, we hypothesize that SIFT-HHM helps reduce the time impact of high-density bin 

retrievals. If the number of keypoints retrieved from the query process is low, SIFT-HHM will have 

little effect as the search space has already been significantly reduced. If the number of retrieved 

keypoints is high (in the thousands on a 1 -million keypoint archive, for example), however, SIFT-HHM 

will find the closest match in approximately 1/15th the time it would take to search the retrieved bins 

linearly, as we showed in Chapter 5. Thus, our search algorithm does not suffer abnormally long search 

times when the query vector's principal components occupy a dense space within the database. 

Additionally, we note our algorithm's ease of storage and scalability as advantages. Tree structures, 

such as the k-means tree, must retain relationships between nodes, and adding new elements sometimes 

involves costly tree re-balancing. Our database bins can be stored in any fashion, so long as the vectors 

that belong to the same bin are kept together. Introducing new vectors is simply a matter of finding the 

correct bin and appending to a list. If the database grows to the point where subdivision is necessary, it 

is simply a matter of dividing the existing bins along the next available principal component, a 

relatively trivial process. We suggest, finally, that our algorithm is well-suited to external memory-

based distributed systems, where, for example, multiple bins could be searched in parallel from 

disparate repositories. Such an arrangement is likely to produce even better results than those we have 

demonstrated in this chapter, and on keypoint databases that are far larger. 
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Chapter 7 

Conclusions and Future Work 

This thesis has targeted one of the main limitations of the popular SIFT algorithm: its feature vector 

matching speeds. The methods presented here are based solely on an evaluation of the SIFT descriptor 

vector and its construction, and demonstrate discernible improvements over the current state of the art. 

In Chapter 3, we showed that the vector indices aligned with the dominant keypoint orientation vary 

considerably more than the rest of the vector, and are thus more important from the perspective of a 

Euclidean distance-based matching algorithm. Furthermore, we demonstrated that a subset of these 

more important indices can be used to both identify less-distinct features for exclusion and to split a 

database in half using a metric we call the handedness score. In Chapter 5, we made use of these 

characteristics to construct our SIFT-HHM algorithm, which reduces the average search for a feature 

match in a typical image to approximately 1/15th of the time it takes to perform an exhaustive linear 

comparison. This result also represents a matching time improvement over SURF and PCA-SIFT - two 

algorithms that use far fewer dimensions than SIFT - of five times and four times, respectively. This 

matching algorithm creates opportunities for applications needing very fast, real-time feature matching 

to make use of the well-documented robustness of SIFT. 

In Chapter 6, we presented a PCA-based sorting technique (that also uses SIFT-HHM) as a solution 

for content-based image retrieval applications. Our algorithm sorts a SIFT keypoint archive into bins 

based on the first few principal components of the descriptor vector. Bins are stored in a hash table, and 

retrieved based on proximity to a query vector. At the lowest level, the retrieved feature vectors are 

evaluated as potential matches using SIFT-HHM. Our experiments show this modular technique to 

outperform k-means tree search speeds (using FLANN [3], a nearest-neighbour search library that 

implements the current state-of-the-art in SIFT matching) by an approximate factor of three, for the 

same level of matching performance. Also worth noting is the fact that our data structure creation times 

are less than 1/10th the (k-means) tree build times for databases with 100,000, 1 million and 2 million 

SIFT keys. Because of the discrete nature of the bins, our solution simplifies storage, as relationships 

between nodes do not need to be maintained. For the same reasons, our solution is one that lends itself 

well to distributed processing, where, for example, multiple bins could be searched in parallel rather 



than consecutively (as they are in our implementation). Such an implementation would likely show 

even greater search speed improvement than the results achieved in Chapter 6. Finally, we note that our 

solution is easily scaled if an image archive grows to the point where the average bin size is too high 

and search speeds are negatively impacted. In Chapter 6, we showed that the number of principal 

components used to divide the database was dependent on the size of the database itself (we found that 

JV=6 was optimal on the 100,000-keypoint database, and iV=8 a better choice on the 1 million and 2 

million keypoint databases). Once a database reaches a certain threshold size, the bins should be 

subdivided based on the next available principal component, which is a fairly trivial process. In 

comparison, the kd-tree and k-means tree structures occasionally need expensive re-balancing when the 

insertion of a new node disrupts the tree symmetry. 

There are a number of opportunities to improve upon or extend the work done in this thesis. For one, 

it remains to be seen whether an analysis like the one we have provided in Chapter 3 would be useful 

and revealing for other feature descriptors (like SURF, for example). If it is possible to improve upon 

linear search speeds by an order of magnitude (as we have done with SIFT-HHM), then the binning 

algorithm from Chapter 6 is also likely to be more effective than a kd-tree or a k-means tree structure 

for large image archives. 

We mentioned in Chapter 5 that the IPR-filtering stage of SIFT-HHM could be embedded into the 

SIFT algorithm itself, whether as a post-processing technique or - if these "less-robust" vectors could 

be detected at earlier stages - as a means of short-circuiting the description phase. As we showed from 

the thresholding trials of Section 5.2.1, such an approach would both strengthen the overall matching 

results and significantly reduce the number of SIFT keys extracted from a given image, which impacts 

storage and matching times. 

The binning algorithm from Chapter 6 could be improved upon in a number of ways. We have 

already mentioned using distributed processing to search retrieved bins in parallel, rather than in series 

(it should be noted that to make use of distributed systems for kd-tree or k-means tree-based searches is 

a more complex problem). Also, the choice of hash table implementation is certain to affect search 

speeds. While we have used the hashmap class from the Standard Template Library, certain publicly-

available algorithms (including Google's sparsehash and densehash) will optimize for memory or 

retrieval time. Finally, it is worth considering whether principal components are the best values to use 

as binning criteria. As we stated in Section 2.2, PCA suffers from a few notable shortcomings; namely, 

the assumption of linearity (that vectors can be properly expressed as linear combinations of a different 
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basis) and that vector elements have Gaussian distribution. It is worth investigating whether nonlinear 

methods, such as Kernel PCA [46] allow for greater database division and fewer bin retrievals, 

resulting in faster search speeds. 

In summary, the main contributions of this thesis are: 

• A set of repeatable properties of the SIFT descriptor vector, discovered after performing an 

analysis on a large (5000+) image archive. 

• A modular technique, called SIFT-HHM, for finding SIFT correspondences in consecutive 

image frames in less than 7% of the time required for a linear search. 

• A method for filtering out less-distinct features (and thus, reducing the likelihood of 

mismatches) by examining the contributions of four of the 128 SIFT descriptor elements (IPR 

filtering). 

• A PCA-based binning algorithm that also uses SIFT-HHM at the lowest level and finds SIFT 

correspondences in large databases, at about a three-fold speed improvement over the existing 

state of the art for SIFT matching, without compromising recall and precision. The binning 

approach is generic, and is likely to produce similar results using other feature descriptors (i.e. 

SURF), provided that they exhibit similar statistical properties to SIFT. 

72 



Bibliography 

[I] D. G. Lowe. Distinctive image features from scale-invariant keypoints. Int. Journal of Computer 

Vision, 60(2): pp. 91-110, 2004. 

[2] A. Y. Ke and R. Sukthankar. PCA-SIFT: A more distinctive representation for local image 

descriptors. In Proc. CVPR, pages 506--513, June 2004. 

[3] M. Muja, D. Lowe. Fast approximate nearest neighbors with automatic algorithm configuration. In

ternational Conference on Computer Vision Theory and Applications (VISAPP'09), 2009. 

[4] H. Bay, T. Tuytelaars, and L. J. V. Gool. SURF: Speeded up robust features. In Proc. Europearn 

Conf. Computer Vision, pages 404-417, 2006. 

[5] Mikolajczyk, K. & Schmid, C, A performance evaluation of local descriptors. In Proc. CVPR Int. 

Conf. on Computer Vision and Pattern Recognition', pp. 257—263, 2003. 

[6] J. Beis and D. G. Lowe. Shape indexing using approximate nearest-neighbour search in high-di

mensional spaces. In Conference on Computer Vision and Pattern Recognition, Puerto Rico, pp. 

1000-1006, 1997. 

[7] M. Grabner, H. Grabner, H. Bischof. Fast Approximated SIFT. Asian Conference on Computer Vis

ion, Hyderabad, India, pp. 918-927, 2006. 

[8] X. Zhou, X. Zhuang, S. Yan, S. Chan, M. Hasegawa-Johnson, T. Huang. SIFT-Bag kernel for video 

event analysis. Proceedings of the 16th ACM international conference on Multimedia, pp. 229-238, 

2009. 

[9] J. Jeong, C. Hwang, B. Jeon. An efficient method of image identification by combining image fea

tures. Proceedings of the 3rd International Conference on Ubiquitous Information Management and 

Communication, pp. 607-611, Suwon, Korea, 2009. 

[10] K. Mikolajczyk and J. G. Matas. Improving descriptors for fast tree matching by optimal linear 

projection. International Conference on Computer Vision, pp. 1-8, 2007. 

[II] F. Porikli. Integral histogram: A fast way to extract histograms in cartesian spaces. In Proc. CVPR, 

Vol. l,pp, 829-836,2005. 

[12] B. Ruf, E. Kokiopoulou, M. Detyniecki. Mobile museum guide based on fast SIFT recognition. In 

6th International Workshop on Adaptive Multimedia Retrieval, 2008. 

[13] J. Bauer, N. Sunderhauf and P. Protzel: Comparing several implementations of two recently pub-

73 



lished feature detectors. International Conference on Intelligent and Autonomous Systems, 

Toulouse, France, 2007. 

[14] A.P. Witkin. Scale-space filtering. In International Joint Conference on Artificial Intelligence, 

Karlsruhe, Germany, pp. 1019-1022. 

[15] T. Lindeberg. Scale-space theory: A basic tool for analysing structures at different scales. Journal 

of Applied Statistics, 12(2): pp. 224-270, 1994. 

[16] C. Harris and M. Stephens. A combined corner and edge detector. In Fourth Alvey Vision Confer

ence, Manchester, UK, pp. 147-151, 1988. 

[17] I. T. Joliffe. Principal Component Analysis. Springer-Verlag, 1986. 

[18] M. Black and A. Jepson. Eigentracking: Robust matching and tracking of objects using view-

based representation. In Proc. European Conf. Computer Vision, pp. 329-342, 1996. 

[19] B. Moghaddam and A. Pentland. Probalistic visual learning for object detection. In Proc. Interna

tional Conference on Computer Vision, 1995. 

[20] T. Cootes, G. Edwards and C. Taylor. Active appearance models. 5th European Conf. on Computer 

Vision, 1998. 

[21] J. Shlens. A tutorial on principal component analysis, 2005. 

[22] J.H. Friedman, J.L. Bentley and R.A Finkel. An algorithm for finding best matches in logarithmic 

expected time. ACM Trans. Math. Soft., 3:209-226. 

[23] C. Silpa-Anan and R. Hartley. Optimised KD-trees for fast image descriptor matching. In CVPR, 

2008. 

[24] K. Fukunaga and P.M. Narendra. A branch and bound algorithm for computing k-nearest neigh

bours. IEEE Trans. Comput., 24: pp. 750-753. 

[25] A. Kuffher and A. Robles-Kelly. Image Feature Evaluation for Contents-based Image Retrieval. 

HCSNet Workshop on the Use of Vision in HCI (VisHCI), Canberra, Australia, 2006. 

[26] C. Liu, C. Huang, W. Chu, J. Wu. ITEMS: intelligent travel experience management system. Pro

ceedings of the international workshop on Workshop on multimedia information retrieval, pp. 291-

298, 2007. 

[27] L. Kennedy, M. Naaman. Generating diverse and representative image search results for land

marks. Proceeding of the 17th international conference on World Wide Web, pp. 297-306, 2008. 

[28] J. Foo, R. Sinha. Pruning SIFT for scalable near-duplicate image matching. Proceedings of the 

eighteenth conference on Australasian database. Pages: 6 3 - 7 1 , 2007. 

74 



[29] X. Qiu, Z. Lu. Target tracking and localization of binocular mobile robot using camshaft and SIFT. 

Proceedings of the first ACM/SIGEVO summit on Genetic and Evolutionary Computation, pp. 

483-488, Shanghai, China, 2009. 

[30] G. Zhao, L.Chen, J. Song, G. Chen. Large head movement tracking using SIFT-based registration. 

Proceedings of the 15th international conference on Multimedia. Pages: 807 - 810, 2007. 

[31] Q. Fan, K. Barnard, A. Amir, A. Efrat, M. Lin. Matching slides to presentation videos using SIFT 

and scene background matching. Proceedings of the 8th ACM International Workshop on Multime

dia Information Retrieval, pp. 239-248, 2006. 

[32] M. Bicego, A. Lagorio, E. Grosso, M. Tistarelli. On the use of SIFT features for face authentica

tion. Computer Vision and Pattern Recognition Workshop, page 35, 2006. 

[33] L. Ledwich, S. Williams. Reduced SIFT features for image retrieval and indoor localization. Aus

tralian Conference on Robotics and Automation, 2004. 

[34] M. Blighe, N. O'Connor. MyPlaces. Detecting important settings in a visual diary. Conference on 

Image and Video Retrieval, pp. 195-204, 2008. 

[35] B. Tomasik, P. Thiha, D. Turnbull. Tagging products using image classification. Proceedings of the 

32nd international ACM SIGIR conference on research and development in information retrieval, 

pp.792-793, 2009. 

[36] K. Donghyun, K. Kwanho, J. Kim, S. Lee, H. Yoo. Vision platform for mobile intelligent robot 

based on 81.6 GOPS object recognition processor. Proceedings of the 45th annual Design Automa

tion Conference, pp. 96-101, Anaheim, California, 2008. 

[37] M. Blighe, A. Doherty, A. Smeaton, N. O'Connor. Keyframe detection in visual lifelogs. Proceed

ings of the 1st international conference on Pervasive Technologies Related to Assistive Environ

ments, Athens, Greece, 2008. 

[38] K. Gao, S. Lin, Y. Zhang, S. Tang, H. Ren. Attention model based SIFT keypoints filtration for im

age retrieval. Proceedings of the 7th IEEE/ACIS International Conference on Computer and In

formation Science, pp. 191-196, 2008. 

[39] T. Yan, D. Ganesan, R. Manmatha. Distributed image search in camera sensor networks. Proceed

ings of the 6th ACM Conference on Embedded Network Sensor Systems, pp. 155-168, Raleigh, 

USA, 2008. 

[40] A. Agarwala, M. Agarwala, M. Cohen, D. Salesin, R. Szeliski. Photographing long scenes with 

multi-viewpoint panoramas. International Conference on Computer Graphics and Interactive Tech-

75 



niques, Pages: 853-861, 2006. 

[41] Y. Gao, J. Fan. Automatic function selection for large scale salient object detection. Proceedings of 

the 14th annual ACM international conference on Multimedia. Pages: 97 - 100, 2006. 

[42] D. Pritchard, W. Heidrich. Cloth motion capture. Eurographics, 2003. 

[43] S. Greenhill, S. Vankatesh. Virtual observers in a mobile surveillance system. Proceedings of the 

14th annual ACM international conference on Multimedia. Pages: 579-588 , 2006. 

[44] F. Liu, Y. Hu, M. Gleicher. Discovering panoramas in web videos. Proceedings of the 16th ACM 

International Conference on Multimedia, pp. 329-338, Vancouver, Canada, 2008. 

[45] M. Heikkila, M. Pietikainen. An image mosaicing module for wide-area surveillance. Proceedings 

of the third ACM Interational Workshop on Video Surveillance and Sensor Networks, Hilton, 

Singapore, pp. 11-18, 2005. 

[46] B. Scholkopf, A. Smola, K. Muller. Nonlinear component analysis as a kernel eigenvalue problem. 

Neural Computation, v. 10, n. 5, pp. 1299-1319, 1998. 

[47] G. Treen and A. Whitehead. Efficient SIFT Matching from Keypoint Descriptor Properties. IEEE 

Workshop on Applications of Computer Vision, pp. 216-222, Snowbird, Utah, December 2009. 

76 


